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ABSTRACT

Chen, Wei-Chih. Ph.D., Purdue University, December 2014. Assessment of Irrigation
Use on Crop Yield and Water Supplies in the Midwestern U.S. Major Professor: Keith
Cherkauer.
Climate plays an important role in many aspects of hydrological and agricultural
systems. Temperature and precipitation are usually the main forcing inputs for
hydrological and agricultural simulations, while wind effect has generally been neglected
in previous research. Wind speed is, however, an important factor for many physical
processes, including evaporation from soil, and transpiration from plants. In order to
investigate how climate variability impacts agricultural production, there are three
hypotheses addressed in this dissertation. Hypothesis 1 is that the representation of
changing wind speed will play an important role in the simulation of hydrological
processes, and that the effect of wind speed will directly affect soil hydrology and
evapotranspiration. Hypothesis 1 is tested using a factor separation analysis to quantify
the contribution of projected future wind speed to hydrologic change under future climate.
The result showed that changes in wind speed affected soil hydrology and
evapotranspiration directly.
Hypothesis 2 is that the application of irrigation will be significantly beneficial for
crop productivity in the future as it will mitigate risk associated with water

xiv
deficits in the growing season, Regional farmers are expected to rely more on irrigation
to mitigate risk due to increased climate variability in the future, resulting in a substantial
increase in its use. This hypothesis is tested through the analysis of changes in crop (corn
and soybean) yield due to climate change between historical and future periods using the
VIC-CropSyst model, which incorporates a cropping system model, the CropSyst, model,
into a large-scale hydrology model, the VIC model. First the effect of climate change on
non-irrigated crop yields is quantified, then the ability of irrigation to mitigate crop yield
losses due to changes in climate are quantified. Application of irrigation is found to
improve corn yield by up to 5% and soybean yield by 20%, compared to the non-irrigated
future scenario. In addition, irrigation is found to have significantly mitigated the impact
of climate uncertainty on crop yield, with more benefits for soybean yield than for corn
yield. This analysis addressed Hypothesis 2 and showed that irrigation is significantly
beneficial for crop productivity and mitigates the impact of future changes in temperature
and precipitation, meaning risk associated with water deficits in the growing season can
be decreased using irrigation.
Hypothesis 3 is that the increased use of irrigation on historically rain-fed crops
will affect regional water use significantly, increasing the risk of water supply deficits in
the crop growing season. The assessment of water footprint in addition to the previous
analysis of irrigation impact on crop yield, found that irrigation leads to significant
increases in the blue water footprint. The assessment addressed Hypothesis 3 and
suggested that irrigation on traditional rain-fed crops will affect regional water use
significantly. However, we cannot assess the risk of water supply deficits because
irrigation use is unrestricted in the model.
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CHAPTER 1. INTRODUCTION

1.1

Problem Statement

The impact of climate variability such as warming temperature and frequent
precipitation extremes has been shown to cause significant losses to agriculture at the
global scale (Peng et al., 2004, Nicholls, 1997; Loebll and Field, 2007; Karl, 1998; Milly
et al., 2002). In the U.S., several studies are in agreement that warming temperatures have
resulted in a decrease of crop yields including corn and soybeans. As a major agricultural
area in the U.S., the Midwestern Region, also known as the U.S. Corn Belt, produces
40%-45% of the world’s corn supply, 50% of the world’s soybean supply, and 70% of
total global agriculture exports (USDA-NASS, 2003; Wittewer, 1995). Thus, the impact
of climate change on agriculture production is a topic of concern and continuing study.
Corn and soybean yields have been simulated for different future climate projections at
different locations of the Midwestern area using multiple crop models (e.g., Kucharik and
Serbin, 2008; Southworth et al., 2000; 2002). Such simulation analaysis has demonstrated
that crop yield is influenced both positively and negatively by future climate, in particular
based on changes to temperature and precipitation. Important gaps remain in existing
research. For example, previous studies have usually used maximum air temperature,
minimum air temperature, and precipitation as the main climate forcing inputs for their
crop and hydrology models, while changes to wind speed are often
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neglected (Southworth et al., 2000, 2002; Bocchiola et al, 2013). Changes to wind speed
have the potential to significantly change evapotranspiration rates, which can have an
effect both on hydrological processes in the Midwestern U.S., but also affect crop yields.
Another potential limitation of existing studies is a failure to remove both the mean and
the variance bias of future climate data (Southworth et al., 2000, 2002; Bocchiola and
Soncini, 2013), which can dampen or enlarge future climate extremes over what the
GCMs are projecting.
The combined effect of elevated temperatures, increased atmospheric CO2
concentrations, an increased probability of extreme events (e.g., droughts and floods),
and a reduction in crop-water availability is expected to have significant impacts on the
agricultural sector (Chiotti and Johnston, 1995). Water resource issues in the Midwest
area is a concern which always draw attention to. Researchers have demonstrated a
concern that future water demands could exceed supplies in the Midwestern U.S. (Bates
et al., 2008), and that the region could experience severe water stress between 2010 and
2060 (Brian et al., 2013). Plants experience water stress when water supply in the soil
fails to meet demand. Water stress affects plants with respect to turgidity, cell
enlargement, photosynthesis, respiration, and many other physiological processes.
Although it is easy to define the concept, accurate quantification and representation of
water stress in crop models has been a challenge in agricultural modeling. It is expected
that increasing demand for agricultural activities and increasing human population will
make improvements in water-use efficiency (WUE) in agriculture a necessity.

3
1.2

Research Hypothesis and Objectives

The overall goal of this project is to assess the effect of changing wind speed on
hydrological processes and the effect of water use on crop yield and hydrological
processes by applying irrigation to the historically rain-fed crops in the Midwestern
Region to manage increased risk to crop yields in the future. This goal will be addressed
in part by evaluating the following hypotheses:
1. The representation of changing wind speed will play an important role in
simulation of hydrological processes, and the effect of wind speed will directly
affect soil hydrology and evaportranspiration.
2. The application of irrigation will be significantly beneficial for crop productivity
in the future as it will mitigate risk associated with water deficits in the growing
season. Regional farmers are expected to rely more on irrigation to mitigate risk
due to increased climate variability in the future.
3. The increased use of irrigation on historically rain-fed crops will affect regional
water use significantly, increasing the risk of water supply deficits in the crop
growing season.
Objectives
1. Analyze the effect of changing wind speed on the hydrological processes and
investigate which hydrological variable is affected more than the others.
(Hypothesis 1)
2. Parameterize the VIC-CropSyst model for the Midwestern Region, and calibrate
the model using observations of crop yields in the historic period of 1980-2009,
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and implementing the model to evaluate the crop yield for the future period of
2020-2049. (Hypothesis 2)
3. Quantify the effect of irrigation scheme on the crop yield, and water use.
(Hypothesis 3)
The specific tasks are completed as the following:
1. Analyze the effect of changing wind speed on hydrological processes and
investigate which hydrological variable is affected more than the others.
2. Parameterize the VIC-CropSyst model for the Midwestern Region, and calibrate
the model using observations of crop yields and streamflow.
3. Generate future projection of climate data such as maximum and minimum
temperature, precipitation, and wind speed using bias correction techniques which
are able to remove bias in both mean and variance in the period of 2020-2049.
4. Implement the model to evaluate the crop yield for the future period of 2020-2049
and investigate the relationship between impact of climate variability and change
of crop yield under non-irrigated scenario.
5. Apply the CropSyst irrigation scheme to quantify its effect on simulated crop
yield and water use.
6. Use the concept of the water footprint to quantify effect of irrigation scheme on
water use between non-irrigated and irrigated scenarios.

1.3

Organization

This dissertation consists of an introduction chapter, three chapters addressing
each of the three hypotheses, and a final chapter of overall discussion and conclusions.
Chapter 1, “Introduction”, is comprised of the problem statement, research
hypothesis and objectives, and dissertation organization which briefly describe each
chapter.
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Chapter 2, “The Effect of Changing Wind Speed on Hydrologic Processes under
Multiple CMIP5 Emission Scenarios”, analyzes wind effect on hydrologic process. The
future projection of climate data including temperature, precipitation, and wind speed is
used to simulate hydrologic processes using the VIC model. A factor separation analysis
is used to quantify wind effect on hydrologic process change. This chapter has been
submitted for review to the Journal of Hydrology.
Chapter 3, “Assessment of potential climate change impacts on crop yield of corn
and soybean in the Midwestern United States”, documents the calibration and evaluation
of the VIC-CropSyst model for hydrology and corn and soybean yields in the Midwestern
U.S. The calibrated model is then used to quantify changes in future yields under
projections of future climate without the use of irrigation.
Chapter 4, “Assessing the effect of irrigation on rain-fed crops yield and the
change of water footprint in the Midwestern United States”, applies irrigation practice to
the simulation of crop yield started in Chapter 3. Results are analyzed to evaluate effect
of irrigation on crop yield and water use. Water footprint is used to quantify the change
of water use between non-irrigated and irrigated scenario.
Chapter 5, “Conclusions”, include summary, weakness and limitation, future
work, and conclusions.
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CHAPTER 2. THE EFFECT OF CHANGING WIND SPEED ON HYDROLOGIC
PROCESSES UNDER MULTIPLE CMIP5 EMISSION SCENARIOS

ABSTRACT

Wind speed and direction are important factors for many physical processes,
including evapotranspiration, transpiration from plants and circulation in lakes.
Nevertheless, many climate change impact assessments employ projected temperature
and precipitation data to drive a hydrologic model, but do not use projections of wind,
instead using constant wind velocities or historical wind observations. The general
objectives of this study were to generate wind speed data for the Midwestern United
States under future climate scenarios and to quantify the contribution of projected future
wind speed to hydrologic change under future climate. Three-hourly wind speed,
precipitation and air temperature from the North American Regional Reanalysis (NARR)
dataset were rescaled to represent future climate conditions using future climate scenarios
from a selection of general circulation models (GCMs) from the Coupled Model
Intercomparison Project Phase 5 (CMIP5). Projected future wind speeds of period early-,
mid-, and late-century were evaluated against the original NARR period 1980-2009 to
quantify monthly changes in wind speeds. Finally a factor separation analysis was
conducted using hydrologic simulations from the Variable Infiltration Capacity (VIC)
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model, to evaluate the potential impact of change in wind speed, precipitation, and air
temperature to components of the hydrologic cycle including evapotranspiration.

2.1

Introduction

According to the Intergovernmental Panel on Climate Change (IPCC) Fourth
Assessment Report (AR4), increased evapotranspiration is an expected consequence of
future climate change. GCMs predict the increase of not only temperature and
precipitation, but also wind speed. It is known that precipitation and temperature are
important factors affecting hydrological processes. In particular, the form, quantity and
timing of precipitation have a significant effect on the seasonality of evapotranspiration
and runoff changes. Many of these studies have neglected projected changes to wind
speed (Wu and Johnston, 2007) despite wind being an important control on hydrological
processes including evapotranspiration, transpiration, and the balance of latent and
sensible heat fluxes.
Unlike temperature and precipitation that are monitored nationally by a dense
network of automated stations, wind speed and direction is less commonly measured and
biased toward certain geographical settings (e.g., airports; Maurer et al., 2002). The
production of the NCEP North American Regional Reanalysis (NARR; Mesinger et al.,
2006) data set provides long‐term, dynamically consistent, high‐resolution, high‐
frequency continuous outputs for different surface and atmospheric variables for the
North American through the assimilation of observed atmospheric conditions into a
regional scale meteorological model. This product is considered better than other
interpolation methods for distributing wind speed and direction measurements across
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large spatial domains and as a result has been used by many researched to provide wind
speed information to large scale hydrology models. For example, Andreadis and
Lettenmaier (2006) obtained wind speed data prior to 1979 from NARR using the method
proposed in Maurer et al (2002). Kumar et al. (2010) and Diffenbaugh (2009) used
NARR output to evaluate the performance of global and regional climate model outputs,
and the NARR outputs also have been used to study the pattern of major hydroclimatic
variability (Dominguez and Kumar, 2008; Dominguez et al., 2008). NARR wind speed
data is only available from 1979 to the present time (Sep 2013 so far), so simulations
requiring an earlier start date have made use of climatology of wind speeds based on
seasonal variations captured in the existing NARR database. The wind speed
climatology has also been applied for future climate simulations (e.g., Beniston et al.,
2007; Snyder et al., 2003; Nikulin et al., 2011), where wind speed was less commonly
archived from the CMIP3 models, and techniques for projecting wind speed were of
limited interested due to the belief that precipitation and temperature effects would
overwhelm those of changes to wind speed
General circulation models (GCMs) represent the complex physical processes that
link the radiation budget of the atmosphere and surface to atmospheric circulation and the
hydrological cycle. Although these models are developed with physically-based
calculations, they are still a rough representation of the real climate system since their
resolution is too coarse to adequately represent watershed-scale features of the regional
climate system (Wilby et al., 1999). The GCMs only represent approximations because
variation of real fluids such as wind on a smaller scale than the grid cannot be represented
explicitly. That in turn constrains the accuracy with which they can represent different
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aspects of reality. GCMs are unable to realistically simulate gusts which themselves may
be large for regional simulation but too small to be simulated realistically. Although
GCMs are able to simulate wind speed and direction, some climate models don’t include
vector wind speed, such as ncar_ccsm3 in CMIP3 (https://esg.llnl.gov:8443/home/), and
BCSD in CMIP5 (http://pcmdi9.llnl.gov/esgf-web-fe/). In order to apply the GCMs
climate projections to a regional scale hydrological model, downscaling techniques must
make use of a computationally feasible approach.
By using GCM projections to drive regional hydrological models, we can better
assess regional impacts on the hydrologic cycle associated with climate change. Although
most future climate impact research in the Great Lake region has used temperature and
precipitation as inputs (Wu and Johnston, 2007), only a few studies have considered the
effects of changing wind speed in the forcing data. Cohen (1986) modified scenarios
from two GCMs for use with an estimator of net basin supply (NBS) to analyze the
impact in the Great Lakes region due to changes in temperature, precipitation, humidity,
and wind speed. He used two scenarios one based on normal winds and the other on a 20%
reduction in reduced wind speed (20% lower). His simulations found a 17.2% decrease in
Net Basin Supply could be attributed to the reduced wind speed. Croley (1990) used the
Large Basin Runoff Model (LBRM) for simulating runoff, lake water temperature, lake
evapotranspiration, and lake levels for the Laurentian Great Lakes by linking climate
change scenarios of air temperature, precipitation, wind speed, cloud cover, and humidity.
In his research, he applied the monthly difference of “future” and “present” wind speed
supplied by the Environmental Protection Agency (EPA) to daily historical data sets to
estimate the future projected wind speed. He developed four sets of projected future wind
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speeds from four GCMs all of which showed a future decrease in wind speed. Simulation
experiments using the projects showed that evapotranspiration is sensitive to changes in
humidity and wind speed.
The studies of Cohen (1986) and Croley (1990) have advanced our understanding
relating to the sensitivity of hydrological process to the change of wind speed in the Great
Lakes region. However, some concerns implicitly exist in their projected wind speed.
Cohen (1986) used an arbitrary 20% reduction in wind speed to represent future change,
which neglects the potential effects of higher future wind speeds. Croley (1990) simply
applied the difference between future and present wind to the present wind speed data
sets to estimate future wind speed sequence. The linear correction with difference
neglected variations that could cause underestimation of extreme quantiles (Leander and
Buishand, 2006), as unlike temperature and precipitation, wind speed can change
significantly in very short spans of time. Finally these projects evaluated changes of wind
speed over large open water bodies where wind speed should be a significant factor
controlling evapotranspiration, they did not evaluate the potential influence of changing
wind speeds over the watersheds supplying runoff to the Great Lakes. There are in fact
few studies into the interaction between future changes in wind speed hydrological
process such as evapotranspiration, soil moisture, baseflow, and runoff. This is in part
due to the limited number of CMIP3 GCMs that stored wind speed data, in particular
daily and sub-daily wind speed changes, but also due to the coarse resolution of those
models. With the release of CMIP5 GCM outputs, the availability of future wind speed
data has greatly improved, opening an opportunity to quantify the potential impact of
changes in wind speed on hydrologic processes under projections of future climate
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change. The objectives of this paper are to 1) select suitable data sets for projected wind
speed from the archived GCM output for CMIP5, 2) bias correct and downscale
precipitation, air temperature and wind speed data for use in a large-scale hydrology
model to simulate future land surface hydrologic processes, and 3) quantify the effect of
changes of wind speed on those hydrological process relative to changes in precipitation
and temperature.

2.2

2.2.1

Models and Data Sets

Variable Infiltration Capacity (VIC) Model

The VIC model was developed as the physical-based, semi-distributed
hydrological model that solves full water and energy balances for large-scale applications
(Liang et al., 1994, 1996; Cherkauer and Lettenmaier, 1999; Cherkauer et al., 2003).
Each grid cell contains three soil layers (Liang et al., 1996) and 12 thermal nodes using
the method of Cherkauer and Lettenmaier (1999) and a constant bottom boundary
temperature at a damping depth of 10 m. Forcing data including temperature,
precipitation, and wind speed are provided at a daily or subdaily temporal resolution.
Soil properties such as porosity and saturated hydraulic conductivity are specified for
each 1/8° grid cell based on the CONUS-SOIL database (Miller and White, 1998). Land
cover is represented using a mosaic scheme that allows multiple vegetation types to be
specified in each grid cell, each defined with parameters such as leaf area index (LAI),
canopy resistance, and root fraction distribution through the soil layers. The VIC model
has been widely applied in different scales from river basins (Abdulla et al., 1996), to the
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contiguous United States (Maurer et al., 2002), to global scales (Nijssen et al., 2001) and
has been extensively tested in the Midwestern United Stated for the hydrologic impacts
of cold season processes (Cherkauer and Lettenmaier, 1999; Cherkauer et al., 2003;
Cherkauer and Lettenmaier, 2003). Furthermore, the VIC model is a powerful tool to
study the climate change impact on hydrological process. Cherkauer and Sinha (2010)
used it to study the future climate impacts on streamflow in the Great Lake’s region and
found that annual streamflow will increase by the late-century (2070-2099). Werner et al.
(2013) used the VIC model to study the influence of climate change on the water balance
and streamflow of the Upper Columbia River basin (UCRB) and found that projected
increases in mean annual flow are greatest under the A2 emissions scenario, ranging from
a 9% increase in the 2020s to a 27% increase in the 2080s.

2.2.2

Study Area

The study area for this work includes six states in the Midwestern United States:
Minnesota (MN), Iowa (IA), Wisconsin (WI), Illinois (IL), Michigan (MI), and Indiana
(IN) (Figure 2.1). The region is dominated by the upper Mississippi River basin and
includes parts of the upper Mississippi River, Ohio River and Great Lakes drainage
basins. This area is characterized by a wide range of annual temperatures, periodic
droughts and severe storms, and in the northern states, snow melt dominated spring
streamflow, which makes the simulation of hydrologic fluxes challenging. The VIC
model completes its calculations based on soil parameters and vegetation parameters for
each grid cell. The distribution of vegetation in the study region is shown in Figure 2.1.
The majority of the vegetation in the study area is cropland, though it is concentrated to
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the south and west of the study region. The northern parts of the study region are
dominated for evergreen and deciduous forests.

Figure 2.1. The spatial distributions of land cover types within the study domain (in red
outline)

2.2.3

NCEP North American Regional Reanalysis (NARR)

The NARR dataset is an extension of the National Centers for Environmental
Prediction (NCEP) Global Reanalysis which covers the North American region, using the
high resolution NCEP combined model with the Regional Data Assimilation System
(RDAS) to provide the 3-hourly, daily, and monthly data from 1979 to present. The grid
resolution of NARR is approximately 0.3 degrees (32 km), and it has been widely used
by many climate and hydrology researchers for their input data (e.g., Dominguez et al,
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2008; Coops and Waring, 2011; Latifovic et al, 2005; Ferguson and Maxwell, 2010;
Bishop and Beier, 2013). In this study, three-hourly values for air temperature,
precipitation, and 10 m wind speeds have been used for the period of 1980-2009.
Historical data from NARR is used as the base data to bias correct and rescale future
climate data. The future climate data being used for this research are from the CMIP5
data archive (http://cmip-pcmdi.llnl.gov/cmip5/data_portal.html) which includes output
from the latest generation of GCMs. For CMIP5, emission scenarios based on a range of
projections of future population growth are categorized into four representative
concentration pathways (RCPs): RCP2.6 for low emission scenarios, RCP4.5 and RCP6
for intermediate emission scenarios, and RCP8.5 for high emission scenarios (Taylor et al,
2012). The method used to select the representative models and scenarios will be
described in the Methodology section. There are two key steps to preparing the GCMs
climate projections using the historical NARR data: downscaling and bias correction. As
research has shown, the resolution of GCM data is too coarse to use directly for regional
hydrologic simulations. The GCM projections were regridded to the VIC resolution (1/8°
grid) using the Symap algorithm (Shepard 1984, as applied by Maurer et al. 2002) using
four nearest neighbors (in this case GCM grid cell centers), and then bias corrected by
using methodology described in Section 3.3 to resample the NARR data.

2.3

Methodology

First, the NARR data from the period of 1980-2009 is used for historic
simulations and also as the basis for bias correcting the GCM data. The GCM data is
selected from the CMIP5 archive with the protocol described in Section 3.1 for the future
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periods defined as 2010-2039 (early-century), 2040-2069 (mid-century), and 2070-2099
(late-century). The coarse resolution of the GCMs is then downscaled to the resolution of
the NARR data. Then NARR data is adjusted to represent future climate conditions based
on changes in the GCM projections as described in Section 3.2. Finally, the adjusted
NARR data is used to run the VIC model for four scenarios described in Section 3.3 that
are used to quantify the effect of changing wind speed relative to that of the change in
precipitation and temperature.

2.3.1

Protocol of Selection of GCMs Data

CMIP5 is a state-of-the-art multimodel dataset which involved more than 20
climate modeling groups in performing simulations using more than 50 models, including
more comprehensive models and broader sets of experiments than CMIP3 (Taylor et al,
2012). With such huge data sets, we are facing the dilemma of spending enormous time
to run each model and scenario or choosing specific models and scenarios arbitrarily.
Clarke et al (2011) proposed a protocol for users to narrow down the range of projections
for their applications. They proposed plotting annual average change in temperature
versus change in precipitation for each model and scenario and using the plotting position
to classify the amount of change (Figure 2.2). Projections are classified as warmer if
future temperatures increase by 0.5ºC to 1.5ºC, and as hotter if temperatures increase by
1.5ºC to 3ºC. The drier classification means the future precipitation decreases by -5% to
10%, while the wetter classification means an increase by 5% to 15%. Models and
scenarios resulting in precipitation changes of between -5% and 5% are classified as
having little change. We follow a similar methodology to categorize the projections using
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wind speed, where cases with wind speed increases of more than 10% are considered
windier, cases where wind speed decreases by more than 10% are calmer, and cases in
between are classified as having little change. This is represented on the same plot by
color coding each model and scenario symbol by the wind classification.
GCMs models in CMIP5 dataset are evaluated for three different future periods
(early-, mid-, and late-century) to identify models with significant changes in all three
climate variables (Figure 2.2). In order to highlight the wind speed effect under future
climate change scenarios, models are selected with a range of future change using the
modified Clark et al. (2011) method. This resulted in the selection of the hadgem2-es
model and miroc-esm-chem model because the hadgem2 model is clearly windier
(increased wind speed) while the miroc model is calmer (decreased wind speed).
Additionally, both models experience similar changes to future temperature and
precipitation, allowing us to focus on the effect of changing wind speed.
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Figure 2.2. Each scatter plot indicates annual average change among temperature (x-axis), precipitation (y-axis), and wind speed
(color scale) for different models and scenarios for early-, mid-, late-century periods.
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2.3.2

Bias Correction

Leander and Buishand (2006) employed linear and nonlinear correction to remove bias in
precipitation and temperature between observed data and regional model output due to
spatial variation. Precipitation was bias corrected by using the following equation:
∗

=

Equation 2.1

This nonlinear equation corrects the coefficient of variation (CV) as well as the mean,
unlike the linear equation which only adjusts the mean but leave the CV unaffected.
Through this method, each daily precipitation amount (P) is transformed to a corrected
amount (P*). Shabalova et al (2003) used this equation to obtain future climate
precipitation from the observational record. This allows for direct comparison between
historical observations and future climate scenarios, but does not allow for changes in the
timing or frequency of precipitation since future scenarios are a direct rescaling of
observations.
For this study, we used equation 1 to adjust precipitation and wind speed data.
Coefficient b was determined such that the CV of the corrected subdaily precipitation
(wind speed) matched that of the observed subdaily precipitation (wind speed). However,
the difference for this study is that we bias corrected the mean and CV between the
NARR data and GCMs projections instead of observed data and regional model output.
Analysis of historical wind data indicates that direction changes are minimal in the
future (Figure 2.3), but changes in wind speed can be substantial (Figure 2.2). The VIC
model does not use wind direction, but its evapotranspiration routines should be sensitive
to wind speed.
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The linear correction for temperature uses the following equation:
∗

=

−

+

+

−

Equation 2.2

where T is the uncorrected temperature from a regional model, Tstation is the Thiessen
average of observed temperature for the basin, and Tarea is the basin-average temperature
from a regional model. Thus, in this study the equation is transformed into the following
equation:
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Figure 2.3. The wind rose (m/s) of the monthly average wind data of buoy 45007 and the
NARR, Oct, 2000-2009
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2.3.3

Factor Separation Analysis

Factor separation analysis is a way to obtain the contribution of any factor to any
predicted field, as well as the contributions due to the mutual interactions among more
than two factors (Stein and Alpert, 1993). According to the factor separation method,
there will be 2n simulations required for the separation of n contributions and their
possible interactions. We used two factors in this study: (1) wind speed, and (2)
temperature and precipitation. Temperature and precipitation represent the general
change in climate from historic to future, while using wind as a separate factor allows us
to quantify its contribution to changes in future hydrologic processes.
For factor separation analysis we assume that the term N represents the fraction of

f that is induced by the factor i, while N, is the remaining part that doesn’t depend on any
factor, which in this study refers to Case 1 in Table 1 that uses historic wind speed and
historic temperature and precipitation. The order N? refers to Case 2 which uses historic

temperature and precipitation and future wind speed; the order N+ refers to Case 3 which

uses future temperature and precipitation and historic wind speed; the last order N?+ refers
to Case 4 which uses future temperature and precipitation, and wind speed. This will
require the analysis of four simulations using the following equation:
N?+ = N?+ − N? + N+ + N,

Equation 2.4
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Table 2.1. Allocation of factors to the cases used in factor separation analysis. T&P
indicates the temperature and precipitation factor, and WS the wind speed factor.
Period
Historical
Period
1980-2009

Case 1

Case 2

Case 3

T&P
WS

T&P

WS

WS

T&P

Future
Period
2070-2099

2.4

2.4.1

Case 4

T&P
WS

Results and Discussion

The Change of Climate Projection

Projections of seasonal temperature from the HadGEM2 and MIROC models for
the period 2070-2099 experience increases of 1°C to 9°C consistently between the
models and scenarios (Figure 2.4). Changes to seasonal precipitation range from -15% to
40% with spring and winter precipitation increasing for all models and all scnearios,
while changes in the summer and fall are small there is little agreement on the direction
of changebetween the models. Projected change in wind speed is in the opposite in
direction between the selected GCMs for most seasons. Wind speeds increased up to
almost +60% in the HadGEM2 scenarios, and decreased by just over -50% in the MIROC
scenarios for the period of 2070-2099. Two of three MIROC scenarios experienced an
increase in summer wind speeds (one of nearly 30%), while one HadGEM2 scneario in
spring and two in fall experienced small (less than 10%) decreases in wind speed.
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Figure 2.4. The seasonal change of climate projections. The data are grouped with
different models and scenarios.
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2.4.2

Hydrologic Processes Response to Future Changes in Wind Speed

Analysis was conducted on monthly, seasonal, and annual evapotraspiration
change between Case 1 (all historical) and Case 2 (future wind speed, historical climate)
for the HadGEM2 (windier) and MIROC (calmer) models (Figure 2.5). The windier
simulations tend to have an increase in future evapotranspiration, while calmer conditions
lead to a decrease in evapotranspiration. Seasonal values for each hydrologic variable for
each future scneario and GCM are provided in Table 2.2. Greatest changes due to wind
speed are concerntrated in the spring and winter when wind speed change is largest. For
the most part, seasonal changes in evapotranspiration are in the same direction as the
wind speed change, with the excpetion of summer. Changes to soil moisture, runoff and
baseflow tend to be opposite those of evapotranspiration. The change of hydrological
variables in spring season due to wind effect could affect the growth of most crops which
are sowed in spring season. In spring, the change of soil moisture is most significant. The
effect on soil moisture change is important for crop growth by affecting the sowing date.
In summer of growing season, the effect of changing wind speed is not as effetive as
other seasons.
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Table 2.2 Seasonal difference of hydrologic variables between Case2 (future wind speed)
and Case1 (historical conditions) for all models and emission scenarios. The seasonal
difference is averaged over the whole study domain, and in the 30 years of historical
period and future period. Case 1 used the historical conditions in the historical period of
1980-2009, while Case 2 used the projected future wind in the future period of 20702099.
HadGEM2
Wind Speed (m/s)
Evapotranspiration
(mm)
Soil moisture (mm)

Runoff (mm)

Baseflow (mm)
MIROC
Wind Speed (m/s)
Evapotranspiration
(mm)
Soil moisture (mm)

Runoff (mm)

Baseflow (mm)

Emissions
rcp2.6
rcp4.5
rcp8.5
rcp2.6
rcp4.5
rcp8.5
rcp2.6
rcp4.5
rcp8.5
rcp2.6
rcp4.5
rcp8.5
rcp2.6
rcp4.5
rcp8.5
Emissions
rcp2.6
rcp4.5
rcp8.5
rcp2.6
rcp4.5
rcp8.5
rcp2.6
rcp4.5
rcp8.5
rcp2.6
rcp4.5
rcp8.5
rcp2.6
rcp4.5
rcp8.5

spring
0.35
-0.05
0.21
0.44
-1.34
0.47
-2.78
0.38
-1.87
-0.70
0.12
-0.52
-1.36
0.17
-0.91
spring
-1.04
-0.75
-1.04
-1.01
-1.15
-1.14
3.30
5.90
5.88
1.11
1.84
1.86
1.30
2.57
2.73

Case2 - Case1
summer
fall
0.19
0.13
0.16
-0.02
0.21
-0.02
-0.07
-0.10
0.13
-0.08
-0.03
-0.15
-0.27
0.26
-0.13
-0.03
0.49
0.00
-0.01
0.01
-0.02
0.00
0.04
0.01
-0.01
-0.03
0.03
0.00
0.00
-0.02
Case2 - Case1
summer
fall
-0.71 -1.16
-0.37 -0.93
-0.60 -1.16
0.10
0.02
0.03
0.00
0.36 -0.18
-0.38
0.03
1.12
0.42
0.26
0.14
-0.03
0.01
0.06
0.04
-0.02
0.03
-0.04
0.01
0.05
0.01
0.07
0.02

winter
0.55
0.35
0.42
2.38
1.16
1.25
-0.45
-0.14
-0.10
-0.16
-0.07
-0.08
-0.11
-0.02
-0.01
winter
-3.71
-3.71
-3.71
-1.78
-4.26
-4.79
0.52
1.26
1.40
0.15
0.43
0.42
0.02
0.09
0.07
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Figure 2.5. Scatter plot of change in four hydrologic variables (evapotranspiration, soil
moisture, runoff and baseflow) caused by future monthly change in wind speed alone in
the future period of 2070-2099. Positive values indicate an increase in the future. Each
point represents the monthly difference over the thirty years period for all emission
scenarios, a total of 36 points for each model.
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Neither the change in wind speed nor the change in hydrologic variables is
uniform across the study domain as seen in Figures 2.6 and 2.7. VIC model simulations
driven by the MIROC model with a decrease in projected future wind speed (Figure 2.7)
experienced decreases in annual evapotranspiration in the period of 2070-2099 for most
of the study area. Conversely, simulations using HadGEM2 with higher projected future
wind speed (Figure 2.6) resulted in consistently increasing annual evapotranspiration for
the same period. We can find that the patterns of spatial distribution of evapotranspiration
change are similar in Figure 2.6 and 2.7. They show that the evapotranspiration change is
increasing in the north part such as northern Minnesota in all scenarios but decreasing in
south part such as Indiana and Illinois while the evapotranspiration is increasing in low
emission scenario in HadGEM2 model but decreasing in MIROC model. The projected
temperature and precipitation are higher in MIROC model than in HadGEM2 model.
However, we don’t isolate the effect of temperature and precipitation, and the temporal
distribution of precipitation, so it can’t be explained well without the further analysis.
The wind effect on the future period is shown in the comparison between Case3 and
Case4 in the figures. In Figure 2.6, we can find that the evapotranspiration change is
increasing from Case3 to Case4, and low emission scenario has a clear trend. The higher
wind speed still causes higher evapotranspiration in HadGEM2 model in the future period,
while the lower wind speed doesn’t cause clear lower evapotranspiration in MIROC
model in the future period. The reason could be the interaction among temperature,
precipitation, and wind speed causes more complicated effect on evapotranspiration, so
we can’t clearly analyze the effect without isolating each variable.
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Figure 2.6. Spatial distribution of the percent change in annual average
evapotranspiration between historical (1980-2009) to late-century (2070-2099) for
simulations using HadGEM2 projected changes in wind speed only (Case 2 – Case 1; top
row), climate only (Case 3 – Case 1; middle row), and wind speed and climate together
(Case 4 – Case 1; bottom row). Figure columns from left to right are results for scenarios
rcp2.6, rcp4.5, and rcp8.5, respectively.
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Figure 2.7. Spatial distribution of the percent change in annual average
evapotranspiration between historical (1980-2009) to late-century (2070-2099) periods
for the MIROC GCM. Columns from left to right are for the Scenarios rcp2.6, rcp4.5, and
rcp8.5, respectively.
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2.4.3

Factor Separation Analysis of Wind Effect

The previous discussion focused on the effects of the change in wind speed alone
(Case 2 – Case 1), here we use factor separation analysis to quantify the effects of
changing wind speed relative to the effects of changing temperature and precipitation to
identify where these processes work together or cancel out each other. Results from this
analysis can be compared in Table 2.2 (Case 2 – Case 1, future wind speed only), and
Table 2.3 (Case 4 – Case 3, all future changes) to quantify the wind effect relative to
historical climate and future climate. The MIROC and HadGEM2 GCMs were selected
to minimize differences in future temperature and precipitation, while maximizing future
changes in wind speed. Despite this, the MIROC GCM projects slightly greater increases
in seasonal air temperature (Figure 2.4a), and slightly lower seasonal changes in
precipitation (Figure 2.4b). Table 2.3 shows the seasonal evapotranspiration change due
to the wind effect in future climate. These results highlight that evapotranspiration is
generally higher in winter under future climate scenarios, while lower in other seasons for
the HadGEM2 future projections. Future evapotranspiration is generally higher in spring
and summer seasons, while lower in fall and winter in the MIROC future projections.
Evapotranspiration change due to wind effect under future climate scenarios (Case 4 –
Case 3) ranges from -0.52 to 1.79 mm/day for HadGEM2 model, and -1.36 to 0.87
mm/day for the MIROC model. For the case of wind change under historical climate
(Case 2 – Case 1) the evapotranspiration change ranges from -4.79 to 2.38 mm/day
(Table 2), while for the case of wind change under future climate (Case 4 – Case 3) it
ranges from -1.36 to 1.79 mm/day (Table 2.3). The comparison shows that the wind
effect leads to the change of evapotranspiration under both historic and future climate
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although the future climate factor would dampen the wind effect more than historic
climate factor. Wind effect indeed causes the change in soil moisture, runoff and
baseflow as well as evapotranspiration (Table 2.3 and Table 2.2). However, the influence
of changing wind speed is much more significant for evapotranspiration than other
hydrological variables.
There is a strong linear relationship between wind speed and evapotranspiration
under both historical and future climate cases (Figure 2.8). We find that under historical
climate and changing wind conditions (Case 2 – Case 1), the evapotranspiration percent
change ranges from -45 to 20% while it ranges from -20 to 20% when future climate is
used (Case 4 – Case 3). Although climate variables (temperature and precipitation) will
cause major change in hydrological processes, the results in Figure 2.8 suggest that wind
effect would cause significant influence on evapotranspiration when the wind speed
changes more than ±20%.
Table 2.3. Seasonal differences of hydrological variables between Case 3 (future
temperature and precipitation, historical wind speed) and Case 4 (all future climate) for
all models and emission scenarios.
HadGEM2
Evapotranspiration
(mm)
Soil moisture (mm)

Runoff (mm)

Baseflow (mm)

Emissions
rcp2.6
rcp4.5
rcp8.5
rcp2.6
rcp4.5
rcp8.5
rcp2.6
rcp4.5
rcp8.5
rcp2.6
rcp4.5
rcp8.5

spring
0.78
-0.52
-0.03
-2.37
0.10
-0.25
-0.67
0.09
-0.04
-1.30
-0.04
-0.07

Case 4 – Case 3
summer
fall
-0.01
-0.34
0.22
-0.14
-0.53
-0.19
-0.14
0.45
-0.25
-0.15
1.74
0.43
-0.01
0.03
-0.02
0.00
0.05
0.01
0.01
0.01
-0.01
-0.01
0.44
0.05

winter
1.79
0.48
0.19
-0.19
-0.26
0.08
-0.15
-0.07
-0.03
0.00
0.05
0.10
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Table 2.3 continued.
MIROC
Evapotranspiration
(mm)
Soil moisture (mm)

Runoff (mm)

Baseflow (mm)

Emissions
rcp2.6
rcp4.5
rcp8.5
rcp2.6
rcp4.5
rcp8.5
rcp2.6
rcp4.5
rcp8.5
rcp2.6
rcp4.5
rcp8.5

spring
0.30
0.71
0.87
1.37
1.82
0.02
0.35
0.41
0.02
0.25
0.17
-0.48

Case 4 – Case 3
summer
fall
0.08
-0.04
-0.43
0.16
0.04
-0.17
-0.55
0.01
0.89
0.39
-0.35
0.13
-0.03
0.01
0.04
0.02
-0.02
0.02
-0.11
0.02
0.11
0.08
-0.04
0.07

winter
-0.91
-1.36
-0.26
0.53
0.93
0.60
0.13
0.22
0.06
-0.10
-0.18
-0.12

Figure 2.8. The scatter plot shows the percent change between wind speed and
evapotranspiration for two models, and all emission scenarios. Each point represents the
average seasonal change for the thirty year period. The left figure represents the wind
effect on change of evapotranspiration for Case 2 – Case 1(historical temperature and
precipitation), the right figure for Case 4 – Case 3 (future temperature and precipitation).
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2.5

Conclusions

This study used NARR historical data (1980-2009) and projected GCM data
(2070-2099) to quantify the effect of future changes in wind speed on hydrological
process using the VIC model. We used the criterion of Clarke et al. (2011) to select
GCMs and future climate scenarios based on divergent changes in wind speed, but
similar changes in precipitation and air temperature. The HadGEM2 model was selected
for its projections of increasing future wind speed, while the MIROC model projects
decreases in wind speed for most seasons and future climate scenarios. The techniques of
bias correction and downscaling are used to generate future climate projection based on
these two GCMs. Factor separation analysis is used to quantify the effects of changing
wind speed relative to the effects of changing temperature and precipitation, represented
with four cases: Case 1 historical wind speed and climate, Case 2 future wind speed and
historical climate, Case 3 historical wind speed and future climate, and Case 4 future
wind speed and climate. From the results of this analysis we see that the effect of
changing wind speed leads to quantifiable change to hydrological processes, most
significant to evapotranspiration. We found that higher wind speed caused nonlinear
increases in evapotranspiration, but reductions in soil moisture, runoff, and baseflow.
When future wind speeds decreased we found the opposite effect. We find that due to the
wind speed effect, the evapotranspiration percent change ranges from -45% to 20% in
Case 2 – Case 1 (future wind speeds, historical climate) and -20 to 20% in Case 4 – Case
3 (future wind speeds and climate). The reason of difference of evapotranspiration
between historical and future cases could be that the interaction among temperature,
precipitation, and wind speed causes more complicated effect on evapotranspiration. In
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order to understand the change of hydrological process in the future period, it needs a
further study to isolate the effect of temperature and precipitation.
The change of hydrological variables varies across the study domain due to the
change in future wind speed is not uniform. The MIROC model with a decrease in
projected future wind speed experienced lower annual evapotranspiration in the period of
2070-2099 for most of the study area, while the HadGEM2 with higher projected future
wind speed resulted in consistently increasing annual evapotranspiration for the same
period, but their patterns of spatial distribution of evapotranspiration change are similar.
They show that the evapotranspiration is increasing in the northern part of the study
domain in all scenarios but decreasing in southern part under the future climate scenarios.
Some of these spatial patterns are associated with changes in the spatial distribution of
precipitation and temperature, but as this analysis focused on quantifying the changes in
wind speed on hydrological processes we did not isolate the spatial effects of temperature
or precipitation. In conclusion, the results of this research show that the effect wind speed
on hydrological process is significant when the change of wind speed is more than ±20%.
Therefore, the input of wind speed data in hydrological simulation shouldn’t be
negligible, especially in the area with significant wind speed change such as lakeshore
and nearshore area.
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CHAPTER 3. ASSESSMENT OF POTENTIAL CLIMATE CHANGE IMPACTS ON
CROP YIELD OF CORN AND SOYBEAN IN THE MIDWESTERN UNITED
STATES

ABSTRACT

Previous research has shown that climate change could cause significant impacts
on crop yield at the global scale due to warming temperature and water scarcity. The
objectives of this research are to (1) generate future climate projections which
demonstrate a methodology for bias correction and downscaling that corrects for mean
and variance, and (2) analyze changes in crop yield due to climate change variability
using these projections. The study area for this work includes six states in the Midwestern
U.S. The VIC-CropSyst model, which incorporates the CropSyst model into the Variable
Infiltration Capacity (VIC) model, is used to simulate crop yield of corn and soybean
based future climate projections (2020-2049). Power transformation and variance scaling
are used to remove bias in both the mean and variance of these climate projections. The
change in crop yield is evaluated by comparing yield between the future and historic
periods. Result show that annual corn yield could decrease by up to -40.92% while
annual soybean yield could vary between -24.07% and 23.1% by 2020-2049. Analysis of
the relationship between climate impacts and crop yield shows that temperature and
precipitation could cause more significant effects on crop yield than wind speed.
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Increasing temperatures have a negative effect on crop yield but increasing precipitation
has a positive effect. The temperature impact appears to be more significant in warmer
states such as Indiana and Illinois. The spatial distribution of yield shows that corn yield
decreases most in Michigan and Minnesota in the period of 2020-2029, while soybean
yield increases most in Indiana and Illinois in the period of 2030-2039.

3.1

Introduction

Climate is a significant factor for every aspect of the agricultural system, and the
potential effects of climate change on agricultural production have drawn much attention.
Crop yield, in particular, is vulnerable to climate and potential future climate change.
Warming temperatures have been shown to impact crop productivity and contribute to
significant economic losses on a global scale (Peng et al., 2004, Nicholls, 1997; Loebll
and Field, 2007). In the U.S., several studies have assessed potential changes in
agricultural production under different climate change scenarios using dynamic crop
models (Lobell and Asner, 2003; Andresen et al., 2001; Southworth et al., 2000,2002;
Rosenzweig et al., 2002). These studies have shown the potential for both positive and
negative impacts on crop yield, depending on the region, from warmer future
temperatures.
Several studies have also shown that warmer temperatures could decrease crop
yields of U.S. agricultural staples, such as corn and soybean (Lobell and Asner, 2003;
Schlenker and Robers, 2009; Kucharik and Serbin, 2008), and such predictions, when
based on historical trends, may actually underestimate potential losses, according to
Lobell and Asner (2003). Schlenker and Robers (2009) statistically compared the yield of
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corn and soybeans to temperature and found that yields decrease significantly above
specific temperature thresholds, 29ºC for corn and 30ºC for soybean, and that average
yields are predicted to decrease by 30-46% by the end of the century under the slowest
warming (B1) scenario and 63-82% under the most rapidly warming (A1F1) scenario
based on the Hadley model.
Total annual precipitation and extreme precipitation events have also increased in
the U.S. during last two decades and have the potential to affect future crop yields (Karl,
1998; Milly et al., 2002). Rosenzweig et al. (2002) modified the CERES-Maize model,
which is widely used to assess the impacts of climate change on maize growth and yield,
to the potential future damages that could be caused to crop production by excess soil
moisture. The results of this study showed that U.S. corn production losses could double
during the next thirty years, leading to economic damages of an estimated $3 billion per
year. Under projected atmospheric conditions, Long et al. (2005) also found that future
crop yields may be overestimated in recent models because they do not take into account
the large potential yield losses from increases in ozone levels.
The Midwestern U.S. is an important agricultural production area for the U.S. and
the rest of the world. The region, also known as the U.S. Corn Belt, produces 40%-45%
of world’s corn supply, 50% of the world’s soybean supply, and 70% of total global
agriculture exports (USDA-NASS, 2003; Wittewer, 1995). The combined effects of
elevated temperatures, increased atmospheric CO2 concentrations, increased extreme
weather events (e.g., droughts and floods), and reduced crop-water availability is
expected to have significant impacts on the U.S. agricultural sector (Chiotti and Johnston,
1995).
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Future climate change could also stress available water resources and,
subsequently, crop yield in the Midwest. Researchers have demonstrated a concern that
future water demands could exceed supply in the Midwestern U.S. (Bates et al., 2008)
and that the region could experience severe water stress between 2010 and 2060 due to
anthropogenic and ecological consequences (Tavernia et al., 2013).
In Wisconsin, one study suggests that crop productivity along the northern
perimeter of the Corn Belt could be adversely affected by continued temperature rise
during the summer growing season, decreasing yields by 13% for corn and 16% for
soybean (Kucharik and Serbin, 2008). Southworth et al. (2000) used the DSSAT model
to assess the impacts, in terms of current and future yields, of changing climatic
conditions in the Midwestern U.S. for three hybrids of maize. The results of this study
showed that climate change could lead to increased yields for long-season maize grown
at sites in the northern Midwestern states and decreased yields for long-season maize
grown in southern Midwestern states. Across the study region, long-season maize
performed most successfully under future climate scenarios, when compared to current
yields, in the northern Midwestern states, followed by medium season and then shortseason varieties.
Southworth et al. (2002) also addressed the potential impacts of climate change
and changing climate variability due to increased atmospheric CO2 concentrations on
soybean yields in the Midwestern Great Lakes Region. The results show that the yield of
late-maturing soybean cultivars could increase by up to 120% in northern and central
areas of the Great Lakes under all future climate scenarios, with the largest increases in
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yield occurring in south-central Michigan. In contrast, the southernmost area of the Great
Lakes showed slight decreases in yield ranging from -0.1% to -5.0%.
These studies show that crop yield could change with future climate based on
temperature and precipitation projections, and there remain important gaps in existing
research. Wind speed, for example, has been mostly neglected as a model input
(Southworth et al., 2000, 2002; Bocchiola et al, 2013) though it is also an important
factor in hydrological processes and, thus, could also impact future crop production.
Another potential shortcoming of previous studies is the lack of bias correction in both
the mean and the variance of future climate data (Southworth et al., 2000, 2002;
Bocchiola and Soncini, 2013). If the bias in the variance hasn’t been corrected properly,
it may dampen or enlarge the climate extremes in the future climate projection. The
purpose of this study is to address some of the existing gaps in knowledge around climate
change for corn and soybean in the Midwestern U.S. The objectives of this work are to (1)
generate future climate projections for different General Circulation Models (GCMs)
using three emissions scenarios with downscaling and bias correction techniques to
remove bias in mean and variance, and (2) analyze potential changes in crop yield due to
climate change.

3.2

Models and Data Sets

3.2.1

Study Area

The study area for this research includes six states in the Midwestern United States:
Minnesota (MN), Iowa (IA), Wisconsin (WI), Illinois (IL), Michigan (MI), and Indiana
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(IN) (Figure 3.1). This region represents a substantial portion of the Midwest Corn Belt.
This area is not only critically important for the United States economy but also for world
exports of grain and meat. Corn and soybean acreage have increased in the region by 29%
and 80%, respectively, since 1945, and currently occupy about 85% of the planted
acreage (USDA-NASS, 2006)

Figure 3.1. Map of the six states in the study region. The map shows the cropland data
layer of major crops in 2013. Cropland data layer is available on USDA website:
http://nassgeodata.gmu.edu/CropScape/.
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3.2.2

Meteorological Data Generation

Daily weather observations of maximum and minimum temperature and
precipitation were collected from the National Climate Data Center (NCDC). We
generated gridded historic climate data for the study area using the NCDC Summary of
the Day (SOD) dataset (available online at ftp://ftp.ncdc.noaa.gov/pub/data/ghcn/daily/)
based on stations with at least 20 years of data in the period of 1980-2009. Wind speed
projections from the North American Regional Reanalysis (NARR) were used to provide
wind speed. This historical climate data was used to bias correct future climate
projections from an array of GCMs and future emissions scenarios and calibrate the VICCropSyst model.
Climate projections for 2020-2049 were used to simulate future climate
conditions. We used the latest output of coupled GCMs from the fifth phase of the
Coupled Model Intercomparison Project (CMIP5). CMIP5 simulations are generated by
more than 20 modeling groups using more than 50 models. We employed the protocol
described by Clarke et al. (2011) to compare the average annual change in temperature,
precipitation, and wind speed to narrow down the range of projections for this work.
From the wide array of GCM output and scenarios included as part of CMIP5, we
selected 11 models and three emission scenarios that contain long-term daily projection
of temperature, precipitation, and wind speed and have been used in previous research
(Lobell et al., 2006). We have selected two thirty year periods for this analysis: a
historical period from 1980-2009 to represent recent conditions, and a future period from
2020-2049 to represent near future conditions. The thirty year period is considered long
enough to capture short-term climate variability, while future simulations are limited to

47
2020-2049 because changes in farm management practices and genetics increase the
uncertainty in simulated crop yields significantly by the middle part of this century.
For that the Midwestern U.S., these models project future changes in temperature
from +1 ºC to 3 ºC, precipitation from 0% to 20%, and wind speed from -15% to 24%
(Figure 3.2). Using the protocol proposed by Clarke et al. (2011), we selected the models
that can represent the largest range of potential climate changes to maximum and
minimum temperature and precipitation, and clear wind speed changes for the future
projection. In Figure 3.2, we can see that GFDL-GM3 has highest precipitation projection
and IPSL has much lower precipitation change. MIROC-ESM projects the highest
temperature increase, and BCC has the lowest temperature increase. Besides, these four
models also demonstrated both positive and negative wind projection in the future. Thus,
the GFDL-GM3, IPSL, BCC-CSM1.1, and MIROC-ESM models and all three emission
scenarios were selected to represent future climate for this study, based on the range of
climate uncertainties seen across these 11 models.
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Table 3.1. Climate model output shown in Fig 3.2.
Model name
BCC-CSM1.1
CSIRO-MK3L
CSIRO-MK3.6.0
GFDL-GM2.1
GFDL-GM3
GISS-E2-H
HadCM3
HadGEM2-ES
MIROC-ESM-CHEM
MIROC-ESM
IPSL

Institution
Beijing Climate Center
Commonwealth Scientific and
Industrial Research
Organization/Queensland Climate
Change Centre of Excellence
University of New South Wales
Geophysical Fluid Dynamics
Laboratory
Geophysical Fluid Dynamics
Laboratory
NASA Goddard Institute for Space
Studies
Hadley Centre for Climate Prediction
and Research
Hadley Centre for Climate Prediction
and Research
Atmosphere and Ocean Research
Institute (The University of Tokyo)
Atmosphere and Ocean Research
Institute (The University of Tokyo)
Institut Pierre-Simon Laplace

Nation
China
Australia
Australia
USA
USA
USA
UK
UK
Japan
Japan
France
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Figure 3.2. Average annual change in temperature (x-axis), precipitation (y-axis), and
wind speed (color bar) for three emission scenarios (a) RCP 2.6, (b) RCP 4.5, and (c)
RCP 8.5 for 2020-2049 relative to 1980-2009.
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3.2.3

VIC-CropSyst Model

In this study, the coupled hydrology and crop growth simulation model, VICCropSyst model, was used to examine hydrological processes that take place during the
crop growing period. The relationships between water supply, climate, hydrology,
irrigation water demand, crop productivity, economics, municipal water demand and
water management are analyzed within the model, which integrates the 1) Variable
Infiltration Capacity (VIC) model, a land surface hydrology model (Liang et al., 1994;
Cherkauer et al., 2003), and 2) the Cropping Systems Simulation (CropSyst) model
which is capable of representing multi-year and multi-crop in daily time step simulation
(Stockle et al. 1994, 2003). For this work, the VIC-CropSyst model was setup to
simulate the two dominant crops grown in the study domain, corn and soybean.
Each of these models has been used independently many times to simulate
conditions in the Midwestern U.S. region, but this is the first application of the coupled
model to the Midwestern U.S. The VIC-CropSyst model was integrated by researchers at
Washington State University (Chinnayakanahalli et al., 2011) and can exchange
hydrologic and crop production information between the two models. The VIC model
informs the CropSyst model of daily weather and water supply, and the CropSyst model
informs the VIC model of crop water needs and whether or not a particular crop is water
stressed on any given day. Together they provide functionality that is not available in the
uncoupled models.
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The VIC-CropSyst model uses the daily precipitation and temperature
observations for 1980-2009 to generate baseline simulations of present conditions for
each location. To project future conditions, the model uses GCM data from the four
selected CIMP5 models, as described in the previous section.
The parameters of VIC-CropSyst are arranged as grid cells. The land cover
distribution within a grid cell controls when the crop model is invoked within the VIC
model, i.e. the VIC model initiates a call to the CropSyst model when it encounters a crop
class within a grid cell. The VIC model does not recognize the geographical location of a
land cover type within a grid cell. It only knows the list of land cover types and their
proportion within a grid cell. The original VIC model used three soil layers, while this
latest version of the VIC-CropSyst uses 17 soil layers (Figure 3.3). On the first day of a
simulation, the VIC model passes soil information, such as soil layer thickness and soil
water content, and the crop type to be simulated to CropSyst. The weather data, such as
daily minimum and maximum temperature, wind speed, solar radiation and relative
humidity, and the amount of infiltrated water are communicated to the CropSyst model at
every time step. In turn, the CropSyst model starts looking for an appropriate sowing date
(in the case of an annual crop) or active growth start day based on simulated crop
characteristics and weather conditions. This day can differ from crop to crop, based on
the optimum accumulated number of degree days required by a crop. When an
appropriate sowing day or active growth stage day is found, the CropSyst model indicates
to the VIC model that crop growth has begun.
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In VIC-CropSyst, the degree-day method is used to describe crop phenology by
accumulating daily temperature as Growing Degree Days (GDD). GDD is calculated
based on the following equations:
O

GDD = TSTU − TVSWX
GDD = 0

If TSTU [ TVSWX
If TSTU ] TVSWX

Equation 3.1

where Tavg is the average daily temperature and Tbase is the base temperature. After daily
GDD is calculated, a time series of Accumulative Growing Degree Days (AGDD) is
constructed, with the time series of AGDD starting from the planting date.

Figure 3.3. The diagram for the coupled VIC-CropSyst model. The functions in the green
square are simulated by the CropSyst model and those in the blue square are simulated by
the VIC model.
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3.2.4

Model Calibration for Crop Yield

Historical climate data and crop yield observations from the National Agricultural
Statistics Service (NASS) were used to calibrate and validate the VIC-CropSyst model.
Although the study domain encompasses six states in the Midwestern U.S., calibrating
the model for each county within the study area is too computationally intensive, while
using random selection to reduce the number of calibration sites is too arbitrary.
According to the National Climatic Data Center (NCDC), each contiguous U.S. state is
subdivided into as many as 10 climate divisions, with a total of 344 divisions in the U.S.
This divisional scheme is developed to provide the standardized system, based on climate
considerations, crop growth and population weight, for use in applications such as
agriculture, transportation, irrigation, and engineering (Guttman and Quayle, 1996).
There are a total of 55 climate divisions within the designated study area for this research
Vose et al., 2014), so calibration of the model based on climate divisions while much
better than county by county calibration is still too, particularly because NASS crop yield
data is provided at the county level (Figure 3.4).
Based on the NCDC climate classifications and NASS crop yield distributions
(Figure 3.4), we selected calibration sites that could serve as representatives for the
different climate classifications and the range of crop yields. Six calibration sites, one for
each classification of temperature and precipitation, were selected, with one site located
in each of the six states included in the study area. Crop yield data from 1981-2000 for
each corresponding county is used to calibrate the VIC-CropSyst model (Table 3.2).
In order to calibrate the VIC-CropSyst model, the models’ parameters such as
planting date, harvesting date, Transpiration Use Efficiency, and crop phenology
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(emergence, peak LAI, flowering, filling, and maturity), were adjusted according to the
GDD based on a 3-year (2011-2013) average crop phenology date (Table 3.3). Crop
parameters for corn and soybean used in the model are given in Table 3.4 and Table 3.5.
After calibration of the model for corn and soybean in 2011-2013 for each selected
calibration site, the model was validated for crop yield in the period of 2001-2010. The
crop parameters in each calibration site are used for the rest area in each state where the
calibration site is located. For example, the crop parameters for corn and soybean in
Tippecanoe County, Indiana are used for the entire state of Indiana. The NASS observed
yield was first detrended (Goldblum , 2009) and then compared to the predicted yield.
The model was also evaluated using the following statistical tests: root mean square error
(RMSE), RMSE %, and coefficient of determination (R2).

Figure 3.4. Corn and soybean yield per harvested acre by county for study area in 2013
(available online at: http://www.nass.usda.gov/Charts_and_Maps/Crops_County/#sb).
Each red point indicates the location of a calibration site. More detailed information for
each location is shown in Table 2. Annual average temperature division (red lines) is
shown on right figure and annual average precipitation division (yellow lines) is on left
figure for the period of 1895-2012 (Vose et al., 2014).
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Table 3.2. Crop yield information for the counties where each calibration site is located.
The unit of yield has been converted from bushel per acre to ton per hectare.
State

County

Corn yield in 2013
(ton/ha)
Indiana
Tippecanoe > 9.3
Illinois
Jefferson
8-9.34
Iowa
Kossuth
8-9.34
Michigan Clinton
5.33-6.7
Wisconsin Washburn 4-5.33
Minnesota Clay
6.7-8

Soybean yield in 2013
(ton/ha)
> 3.2
1.76-2.34
2.34-2.93
2.34-2.93
0.88-1.17
1.76-2.34

Table 3.3. Day-of-year (DOY) when corn and soybean crops were planted, emerged and
harvested by state calibration site. DOY values are obtained from NASS records (data
available on http://www.nass.usda.gov/Data_and_Statistics/) and indicate the average day
when 50% of each crop type had been planted, emerged, and been harvested in a given
state between 2011 and 2013.
Planted
DOY
Emerged
DOY
Harvested
DOY

IN
corn
132
soybean 143
corn
144
soybean 153
corn
293
soybean 289

IL
125
142
139
150
290
283

IA
122
138
170
150
304
280

MI
132
140
146
154
307
290

WI
132
143
146
153
305
290

MN
125
136
143
147
300
280
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Table 3.4. Crop parameters for the corn for the VIC-CropSyst simulation.
Description
Crop phenology

IN

IL

IA

MN

MI

WI

8

8

8

8

8

8

Cut-off temperature [ C/day]

30

30

30

30

30

30

GDD for emergence [oC/day]
GDD for end vegetative growth (peak
LAI) [oC/day]
GDD for flowering [oC/day]

120

150

150

80

100

100

950

1050

1020

850

900

900

950

1050

1040

850

900

900

GDD for grain filling [ C/day]

1100

1150

1124

1000

1000

1000

GDD for maturity [oC/day]

1160

1350

1300

950

1080

1000

8
0.5

8
0.5

8
0.5

7.4
0.45

7.5
0.45

7.5
0.45

1.1
14
-1200
-1800

1.1
14
-1200
-1800

1.1
14
-1200
-1800

1.1
14
-1200
-1800

1.1
14
-1200
-1800

1.1
14
-1200
-1800

5
1.5

5
1.5

5
1.5

5
1.5

5
1.5

5
1.5

0.45
0.4

0.45
0.4

0.45
0.4

0.43
0.4

0.43
0.4

0.43
0.4

Base temperature [oC/day]
o

o

Canopy growth
Transpiration Use Efficiency at 1kp
Transpiration Use Efficiency scaling factor
Transpiration
ET crop coefficient
Max water uptake [mm/day]
Stomatal closure leaf water potential
wilt leaf water potential [J/kg]
Canopy growth
Maximum LAI [m2/m2]
Maximum root depth [m]
Harvest
Unstressed harvest index
Translocation factor
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Table 3.5. Crop parameters for the soybean for the VIC-CropSyst simulation.
Description
Crop phenology

IN

IL

IA

MN

MI

WI

6

6

6

6

6

6

Cut-off temperature [ C/day]

25

25

25

25

25

25

GDD for emergence [oC/day]
GDD for end vegetative growth (peak
LAI) [oC/day]
GDD for flowering [oC/day]

90

100

100

90

100

100

1200

1300

1300

1100

1000

1000

680

700

700

620

680

680

900

930

930

880

900

900

1400

1500

1500

1350

1400

1400

8

8

8

7.4

7.5

7.5

0.5

0.5

0.5

0.45

0.45

0.45

1
10
-1000
-1500

1
10
-1000
-1500

1
10
-1000
-1500

1
10
-1000
-1500

1
10
-1000
-1500

1
10
-1000
-1500

7
1.7

7
1.7

7
1.7

7
1.7

7
1.7

7
1.7

0.45
0.3

0.45
0.3

0.45
0.3

0.45
0.3

0.45
0.3

0.45
0.3

Base temperature [oC/day]
o

o

GDD for grain filling [ C/day]
o

GDD for maturity [ C/day]
Canopy growth
Transpiration Use Efficiency at 1kp
Transpiration Use Efficiency scaling
factor
Transpiration
ET crop coefficient
Max water uptake [mm/day]
Stomatal closure leaf water potential
Wilt leaf water potential [J/kg]
Canopy growth
Maximum LAI [m2/m2]
Maximum root depth [m]
Harvest
Unstressed harvest index
Translocation factor

3.2.5

Model Calibration for Streamflow

In order to assure that the VIC-CropSyst model is valid for simulation of not only
crop yield but also hydrological process, the soil parameters are calibrated according to
the historical streamflow data. Six watersheds across this study domain were selected as
calibration sites, which are Chippewa River (CHIPR), Grand River (GRAND), Illinois
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River (ILLIR), Wabash River (WABAS), Wisconsin River (WISCR), and Rock River
(ROCKR). The six river basins were calibrated by Cherkauer and Sinha (2010) using the
original three-layer VIC model setup. Their soil parameters are calibrated to represent the
soils in the VIC-CropSyst model, and parameters are given in Table 3.6 for the study
area. The surface runoff and baseflow simulated by the VIC-CropSyst model is routed
along stream channels using the routing model of Lohmann et al. (1996; 1998) to produce
daily hydrographs at locations representing USGS stream gauging sites. Corresponding to
the calibration time period of crop yield, the soil parameters are calibrated based on the
historic streamflow data in 2011-2013. After calibration of the soil parameters, the model
was also validated for streamflow of six watersheds in the period of 2001 to 2010.
Table 3.6. Soil parameters for streamflow after calibration in the VIC-CropSyst.
Parameter
binf (Variable infiltration curve parameter)
Ds (Fraction of Dsmax where non-linear baseflow begins)
Dsmax(Maximum velocity of baseflow)
Ws (Fraction of maximum soil moisture where non-linear baseflow
occurs)
3.3

Value
0.13
0.01
1.2
0.01

Methodology of Bias Correction

Future climate data projections from GCMs provide climate variables that can be
used to estimate future climate change impacts on hydrology and agriculture. For
regional impact studies, however, the resolution of GCM data (approximately 100-250
km) is too coarse to use directly for regional hydrologic simulations because it does not
capture detailed regional information for features at the catchment scale (Fowler et al.,
2007; IPCC, 2007). In this study, GCM projections are regridded to the VIC model
resolution (1/8° grid) using the Symap algorithm (Shepard 1984). The GCM projections
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for temperature and precipitation were also corrected for significant biases in order to
prevent the generation of unrealistic results from the hydrologic simulations (Sharma et
al., 2007; Hansen et al., 2006; Hagemann et al., 2011).
The bias correction methods used in this research for the precipitation, wind speed,
and temperature data are described in more detail in the following sections. These
techniques were used to generate climate data for the historical (1980-2009) and future
periods (2020-2049) using the selected GCMs and future climate scenarios. Table 3.3
shows a list of all the variables and indices used in bias correction.
Table 3.7. Definition of symbols and super-/subscripts in text.
Symbols
a, b
CV
(d)
µ
σ
σ2
P
Tmax
Super-/subscripts
*
*1, 2 or 3
m
obs
GCM_hist
GCM_future

3.3.1

Parameter
Coefficient of variation
Daily
Mean
Standard deviation
Variance
Precipitation
Maximum temperature
Final bias-corrected
Bias-corrected in an intermediate step
Within monthly interval
Observed
GCM-simulated 1970–1999
GCM-simulated 2020–2049

Power Transformation of Precipitation and Wind Speed

Bias correction techniques should correct both the mean and the variance of
climate time series in order to capture future changes across an entire distribution.
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Previous studies of hydrologic change have used the delta change approach (Hay et al.,
2000; Graham et al., 2007; Bosshard et al., 2011) and the linear scaling approach
(Lenderink et al., 2007), where projected changes based on the climate differences
derived from climate modeling studies are added to observational data. However, these
approaches only consider change in the mean and not the variance, so the representation
of future climate extremes is effectively filtered out in the transfer process (Graham et al.,
2007). The delta factor either enhances or dampens extremes in these two approaches.
Teutschbein and Seibert (2012) evaluated different bias correction methods based
on the combined influence of corrected temperature and precipitation on hydrological
simulations. Their results suggest that some methods effectively adjust the bias in climate
data. Considering these evaluations, we decided to use the power transformation
technique to bias correct the precipitation and wind speed data used in this research. A
non-linear correction in an exponential form, a·Pb, was used to adjust bias in the variance
and the mean of each data set (Leander and Buishand, 2007; Leander et al., 2008).
First, parameter b was determined by matching the coefficient of variation (CV)
of the corrected daily precipitation (Pb) with the CV of the observed daily precipitation
(Pobs) for each month:
The following formula was solved for bm, such that
^_@ `

# a − ^_@ b
∗?
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This calculation is performed using a root-finding algorithm. Thereafter, the standard
linear scaling parameter is used to match the long-term monthly mean of observed
precipitation with the monthly mean of the intermediary series
∗
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# =
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;cd_A

∗?
;cd_jk k

# ∙ mn

no p q r
∗M
pIst_e
r

o

# ∙ mn

u

no p q r
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∗?
;cd_A

# :

Equation 3.5
u

Equation 3.6

This nonlinear correction adjusts the coefficient of variation (CV) and the mean,
unlike the linear correction which adjusts the mean but leaves the CV unaffected.

3.3.2

Variance Scaling of Temperature

Given its use of the power function, power transformation cannot be used to bias
correct the temperature data used in this research. Instead, we used the variance scaling
approach presented by Chen et al. (2011) to bias correct the mean and variance of the
maximum and minimum temperature data.
As a first step, the means of the GCM-simulated (GCM_hist) time series were
adjusted through linear scaling:
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Then, the standard deviations were scaled based on the ratio of observed σ and a control
run σ:
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This approach adjusted the GCM data series to match the mean and standard
deviation of the observed time series. The future conditions of the time series were kept
the same, as this approach allows for changes in response between the control (GCM_hist)
and scenario (GCM_future) runs.

3.3.3

Relationship Analysis Between Climate and Crop Yield

Crop yield was assessed by applying the VIC-CropSyst model to each of the
individual climate scenarios (four models, three scenarios). A smoothing algorithm called
LOWESS (Localized Scatter Plot Smoothing) (Cleveland, 1979) was used to fit the trend
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line between climate change and yield change. The basic idea is to start with a local
polynomial least squares fit and then to use robust methods to obtain the final fit. The
accuracy of a LOWESS fit depends on specifying the correct value for the smoothing
parameter, so we generated 99 different LOWESS models, using smoothing parameters
between zero and one, and see which value generates the most accurate model. This type
of brute force technique often runs into problems with overfitting, and the smoothness of
the fitted LOWESS model needs to be chosen carefully to avoid overfitting the observed
data. In order to avoid this problem, we used a technique called cross validation to choose
the value of span that provides the best out-of-sample predictions of the observed data.
We divided the data set into different training sets and test sets, generating the predictive
model using the data in the training set, and then measure the accuracy of the model
using the data in the test set. After the trend line is fitted, a 95% confidence interval for
the LOWESS fit is estimated using bootstrap method, resampling the original data a
thousand times to derive robust estimates of population parameters such mean, and
standard deviation.
Pearson Correlation is a common a measure of the strength of the linear
relationship between two variables, and it has been used previously to test the linear
relationship between crop yield and drought indices (Mishra and Cherkauer, 2010). Here
we use it to test the relationship between relative crop yields and climate variability. The
Pearson Correlation can range from -1 to 1. A correlation of -1 indicates a perfect
negative linear relationship between variables, a correlation of 0 indicates no linear
relationship, and a correlation of 1 indicates a perfect positive linear relationship. The
significance test is also tested for Pearson’s r value at a significance level of 5%. Finally,
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the Mann-Kendall test is used to assess if there is an increase or decrease of the variable.
We used the method in this work to estimate trends between climate variability and crop
yields at a significance of 5%.

3.4

Results and Discussion

3.4.1

Model Validation

In terms of corn yield, we found an underestimation of yields in southern states,
such as IN and IA, and an overestimation of yields in northern states, such as MN and MI
(Table 3.5). Similarly, in terms of soybean yield, the model shows an underestimation of
yields in IN, IA, and MI, and an overestimation of yields in MN (Table 3.5). Reasons for
the underestimation in the southern states could be that the model is overly sensitive to a
high temperature environment.
The RMSE for corn yield ranges from 0.42 ton/ha to 0.72 ton/ha, which is 5.59%
to 13.22% of the observed mean of corn yield; whereas, for soybean yield, it is 0.17
ton/ha to 0.41 ton/ha, which is 9.04% to 23.39% of the observed mean. The low values of
RMSE indicate that the model is accurately predicting corn and soybean yield. In
addition, the model performs well at most locations, as seen from the significant R2
values, except in Indiana for corn prediction and in Illinois for soybean prediction. In
general, model performance can be considered satisfactory in terms of these statistical
evaluations for corn and soybean yield predictions. The evaluation of model performance
shows that its prediction of corn yield is slightly better than its prediction of soybean
yield.
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The comparison between observed streamflow and simulated streamflow shows
that the VIC-CropSyst model performs well on simulation of streamflow. We can see
slight differences between simulated and observed streamflow in the Illinois River and
Wabash River, while differences are negligible for other watersheds. Differences are
quantified using the Nash-Sutcliffe (N-S) coefficient and R square coefficient (Table 3.6)
and the high metric values confirm the excellent performance of the VIC-CropSyst model.

Figure 3.5. The validation of the VIC-CropSyst model for the historical crop yield.
Predicted vs. observed yield for corn and soybean for the counties of each calibration site
for the period of 2001-2010.
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Table 3.8. Summary of the statistical evaluation of the predicted and observed results for
corn and soybean for each calibration site for the period of 2001-2010.
State
Corn

IA
IL
IN
MI
MN
WI

Soybean IA
IL
IN
MI
MN
WI

Observed
mean
(ton/ha)
9.29
6.18
8.85
7.08
6.94
5.36

Predicted
mean
(ton/ha)
9.17
5.68
8.73
7.39
7.23
5.02

RMSE RMSE
(ton/ha) (%)

R2

0.52
0.42
0.72
0.52
0.55
0.71

5.59
6.77
8.13
7.34
7.95
13.22

0.81
0.93
0.46
0.72
0.73
0.83

2.81
1.98
2.95
2.18
1.92
1.59

2.54
1.79
2.76
2.05
1.86
1.34

0.41
0.42
0.26
0.19
0.17
0.38

14.34
21.09
8.96
9.07
9.04
23.39

0.72
0.54
0.73
0.85
0.67
0.65

Table 3.9. Summary of the statistical evaluation of the predicted and observed results for
streamflow for each river for the period of 2001-2009. N-S represents Nash-Sutcliffe
coefficient.
River
CHIPR
GRAND
ILLIR
ROCKR
WABAS
WISCR

N-S
0.98
0.99
0.98
0.99
0.97
0.97

R2
0.99
0.98
0.96
0.98
0.97
0.98
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Figure 3.6 The comparison of monthly streamflow (cfs) between observation and
simulation in the period of 2001-2009 for six watersheds.

3.4.2

The Future Climate Impact on Crop Yield

In this research, crop yield is simulated for historical (1980-2009) and future
(2020-2049) periods using the calibrated VIC-CropSyst model. The change in crop yield
is evaluated by comparing the yields in the two periods. Figure 3.7 shows the change in
the annual yield of corn and soybean obtained from averaging the results of the model
simulations from the four GCMs and three emissions scenarios for the entire study
area.The predicted change in corn yield ranges from -1.04 to 0.36 ton/ha, which is equal
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to -19.29% to 8.69% (Table 3.7), and, overall, tends to decrease in the future period
(Figure 3.7). The trend in soybean yield tends to increase in the future period (Figure 3.8),
with a change ranging from -0.13 to 0.18 ton/ha, or -9.34% to 16.98% (Table 3.7). For
the 30 year average compared to historical yield, future corn yield is projected to
decrease by -0.37 ton/ha, which is equal to an 8.01% decrease, while soybean yield
increases by 0.03 ton/ha or 2.79%.
The boxplot of overall yield change for corn and soybean as projected by each
model for the future period indicates that yield is generally increasing for soybean and
decreasing for corn (Figure 3.8). We can see that the BCC model projections have the
lowest corn and soybean yields, which range from -40% to 12% and -34% to 25%,
respectively. Corn yield is projected to decrease more by both the BCC and IPSL models
than for either of the GFDL and MIROC models. This is most likely due to the slight
increase of precipitation in the future period in the BCC (about 5%) and IPSL (about 2 %)
models. Soybean yield increases more in IPSL, GFDL, and MIROC than in BCC due to
the complicated interaction of climate variables. Projections from the GFDL model have
more outliers than the other models, probably due to the more substantial increase of
projected precipitation (about 20%) in the future. The upper and lower limit of boxplot
show that there is high variance in the simulated yields due to the use of different climate
projections from the GCMs model and emissions scenarios.
Table 3.7 shows the statistics for annual yield change and climatic change of the
growing season compared to the 30-year average calculated for the historical climate data.
The growing season is defined as being from April to October for corn and May to
October for soybean based on the NASS data. The statistics in Table 3.7 show that years
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with positive yield changes for both crops generally also have positive precipitation
changes, but there is no clear trend in temperature or wind change. The relationship
between crop yield and climate impacts is discussed in the following section.

Figure 3.7. Annual variation of future crop yield. Annual yield change of corn and
soybean from 2020 to 2049, compared to the 30-year average yield for the period of
1980-2009. The error bar represents one standard deviation of the annual yield change
between all models.
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Figure 3.8. Boxplot for average crop yield for four climate models. Percent yield change
predicted by the VIC-CropSyst model using projections from each climate model for both
corn and soybean. The annual yield is shown as ensemble average of three scenarios for
each model. The central box represents the middle 50% of the data and the lower and
upper lines represent 25% and 75% of the data, respectively. Yield change is averaged
across all emission scenarios for entire study domain for each climate model in 30-year
period.

71
Table 3.10. Statistics of change in future crop yield under non-irrigated scenario. Change
in crop yield and climate between the 30-year average of the historical period and annual
future projections.

Year
2020
2021
2022
2023
2024
2025
2026
2027
2028
2029
2030
2031
2032
2033
2034
2035
2036
2037
2038
2039
2040
2041
2042
2043
2044
2045
2046
2047
2048
2049

Corn
∆Yield ∆Yield
(ton/ha) (%)
-0.2934
-6.32
-0.6132 -13.21
-0.1325
-2.86
-0.5418 -11.68
-0.0085
-0.18
0.2792
6.02
0.0709
1.53
-1.4317 -30.86
-1.8989 -40.92
-0.7470 -16.10
-0.1365
-2.94
-0.3416
-7.36
-0.4634
-9.99
0.3219
6.94
-0.4588
-9.89
-0.0959
-2.07
-0.6099 -13.15
-0.7946 -17.13
-0.4097
-8.83
-0.0680
-1.47
0.3869
8.34
-0.3442
-7.42
-0.1828
-3.94
-0.4625
-9.97
0.3873
8.35
-0.4693 -10.11
-0.8789 -18.94
-0.9101 -19.61
0.0377
0.81
-0.3408
-7.34

Soybean
Climate
∆Yield ∆Yield ∆Temperature ∆Precipitation ∆Wind
(ton/ha) (%)
(°C)
(%)
speed (%)
0.0908
7.56
3.58
1.03
-10.16
0.0864
7.19
2.90
12.96
-11.20
0.0368
3.06
3.02
-0.91
-8.54
0.0806
6.70
4.01
10.74
-8.74
0.0995
8.28
3.49
8.42
-3.72
0.1544
12.85
2.63
9.78
-9.00
0.1383
11.50
2.55
31.37
-15.12
-0.2249 -18.71
4.85
-10.63
-5.53
-0.2893 -24.07
4.89
-21.11
-9.31
-0.1467 -12.21
3.88
-4.62
1.42
0.1367
11.37
3.04
8.26
-6.85
-0.0087
-0.72
3.72
9.06
-7.97
-0.0475
-3.96
3.07
5.80
-7.23
0.1211
10.07
3.48
30.69
-9.81
0.1128
9.39
3.30
12.69
-12.39
0.1048
8.72
3.17
25.05
-5.44
0.0445
3.70
3.84
6.84
-8.11
0.0011
0.09
3.11
-13.21
-5.48
0.1015
8.44
2.75
24.07
-4.91
0.1351
11.24
3.55
16.69
-2.69
0.1375
11.44
2.74
16.23
-6.48
-0.0507
-4.22
4.06
11.75
-2.24
0.2317
19.28
3.18
32.09
-8.23
-0.0943
-7.85
4.22
-22.89
-10.29
0.2777
23.10
3.05
42.95
-5.65
0.0179
1.49
5.41
-20.31
-9.20
-0.1647 -13.71
4.61
2.57
-3.79
-0.1303 -10.84
5.75
0.29
-2.92
0.0699
5.81
3.53
8.48
-10.16
-0.0133
-1.10
2.65
1.88
-6.83
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3.4.3

The Relationship Between Climate Impact and Yield

In order to analyze climate impacts on future crop yield, we assess the
relationship between climate variables and crop yield averaged for entire study area. The
percent of yield change is compared to the change in average temperature (°C), average
precipitation (%), and average wind speed (%) during the growing season for the historic
and future periods (Figure 3.9). The LOWESS analysis suggests that the potential trend is
negative between crop yield and temperature change and positive between crop yield and
precipitation change. Pearson Correlation indicated that the correlations of temperature
and precipitation are more significant to crop yield than wind speed for both crops.
There is a significantly negative correlation between predicted crop yield and
temperature. The correlation for corn yield is -0.48 and soybean yield is -0.52. This
correlation is supported by the findings of previous research, for example Mishra and
Cherkauer (2010) found a strong negative correlation between historical crop yield and
maximum temperature in Illinois and Indiana. They found correlations of -0.80 for corn
and -0.64 for soybean. In Figure 3.9, we can see that warming temperature is likely to
cause more impact on corn yield than soybean yield since soybean yield doesn’t decrease
after 1 °C increment, but corn yield decreases immediately once temperature increases.
The 95% confidence interval estimated by using bootstrap method shows the impact of
climate uncertainty on crop yield. In the interval of 0°C to 4°C increment of temperature,
the change of corn yield concentrates from 10% to -20%, and soybean yield concentrates
from 15% to -15%. Riha et al. (1996) found that in Minnesota corn yield could change
between 10% to -5% and soybean yield change between 5% to -5% when exposed to
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variations of temperature in the range of 0°C to 2°C. Corn yield seems to be more
vulnerable to warming temperature than soybean does.
On the other hand, crop yield shows different response to precipitation change.
Precipitation is strongly correlated to crop yield positively. The correlation between crop
yield and precipitation is 0.53 for corn and 0.63 for soybean. Mishra and Cherkauer
(2010) also found a strong correlation between historical corn and soybean yields, 0.61
and 0.48, respectively. Under the influence of precipitation increases of 0% - 50%, the
confidence interval shows that projected soybean yield can vary between -55% to 30%
while corn yield can vary from -50% to 15% (Figure 3.9). Increasing precipitation in the
future period seems to improve soybean yield more than corn yield. However, the
positive effect appears to be reduced once precipitation increases by 20% or more.
Unlike temperature and precipitation, crop yield doesn’t reflect clear relationship
to wind speed change. There is weak negative correlation between crop yield and wind
speed, -0.18 for corn and -0.35 for soybean. The potential trend is not clear between corn
yield and wind speed change but seems negative between soybean yield and wind speed
change. The impact of wind speed uncertainty on crop yield becomes significant outside
the period 0-10%. Higher wind speed cause lower crop yield perhaps since that higher
evapotranspiration increases water stress on crop growth. However, the result is not a
strong indicator of the effect given the weak correlation and the uncertainty between
wind speed and crop yield need further studies.
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Figure 3.9. LOWESS fit for future crop yield under non-irrigated scenario. Percent
change in crop yield versus change in climate variables during the growing season for the
study area. The LOWESS fit (black line) and 95% confidence interval (red line) are
shown. Each point represents annual yield change between each of the four models for all
emission scenarios for the period of 2020-2049 with respect to the 30-year average yield
for the period of 1980-2009.
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Figure 3.10. Pearson Correlation test for crop yield with respect to climate variability.
Each point represents annual yield change between each of the four models for all
emission scenarios for the period of 2020-2049 with respect to the 30-year average yield
for the period of 1980-2009.
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Table 3.11. Significance test for Pearson Correlation and Mann-Kendall test. The
significance level is at 5% and p-value less than 0.05 is significant.
Pearson Correlation
P-value
Temperature
Precipitaiton
Wind speed
Man-kendall
Temperature
Precipitaiton
Wind speed

3.4.4

Non-irrigated
Corn
Soybean
0
0
0
0
0.056
0.001
< 0.001
< 0.001
0.11

< 0.001
< 0.001
0.02

Spatial Distribution of Crop Yield Change

The spatial variation of yield change between the future and historic periods for
corn and soybean for four models across three emission scenarios is shown in Figure 3.10.
We can see that the predicted corn yield decreases in all models except in parts of
Minnesota and Iowa under the GFDL and MIROC models. This increase in corn yield
perhaps is likely caused by the higher annual precipitation rates in both the GFDL and
MIROC models in the future (Figure 3.11). The average of 30-year change of corn yield
(Table 3.9) shows that the predicted corn yield could decrease more in Minnesota than
other states, with decreases of up to -11.94%. According to the average of 30-year
climate change for each state (Table 3.7), the decrease of corn yield in Minnesota could
be due to low future precipitation projection and high future temperature projection.
The yield change distribution is similar for soybean. The distribution of soybean
yield change shows a positive change in most areas of the study area for all four models,
especially in Illinois and Indiana (Figure 3.10). Soybean yield decreases significantly in
the north of study area for the BCC model and in Indiana for the MIROC model most
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likely due to projections of lower precipitation in the BCC model and higher
temperatures in Indiana for the MIROC model. The average of 30-year soybean yield
across all models predicts soybean yield increases in Illinois and Indiana of 8.7% and
decreases in Michigan and Minnesota. Changes to soybean yield are similar to those of
corn (Table 3.9).
Table 3.12. 30-year averages for temperature, accumulative precipitation, and average
wind speed during the growing season for each state for the historic and future periods.
The values for the future period (2020-2049) are averaged across all models and emission
scenarios.
1980-2009
Mean temperature (̊C)
Accumulative precipitation (mm)
Mean wind speed (m/s)
2020-2049
Mean temperature (̊C)
Temperature change (̊C)
Accumulative precipitation (mm)
Precipitation change (%)
Mean wind speed (m/s)
Wind speed change (%)

IN

IL

IA

MN

MI

WI

17.91
716
4.48

18.24
670
4.67

17.83
586
5.55

14.71
538
4.51

14.78
623
4.55

15.12
621
4.51

20.26
2.35
774
8.10%
3.88
-13.4%

20.74
2.50
722
7.76%
4.32
-7.49%

19.74
1.91
630
7.51%
5.14
-7.39%

16.82
2.11
579
7.62%
4.21
-6.65%

16.99
2.21
663
6.42%
4.28
-5.93%

17.12
2.00
664
6.92%
4.24
-5.99%

Table 3.13. Percent yield change on the future period, relative to the historic period, for
each state in the study region.
State
Corn yield change (%)
Soybean yield change (%)

IN
IL
IA
MN
MI
WI
-6.01
-5.53
-6.42
-8.91 -11.94
-7.26
8.75
8.73
1.51
-1.85
-1.69
0.37
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Figure 3.11. Percent change of crop yields for corn and soybea4n in 30-years period for
each model across all emission scenarios.
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Figure 3.12. The average change of temperature, precipitation and wind speed in 30-years period for four models across all
eimission scenarios.
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3.5

Conclusions

In this chapter, bias corrected and downscaled future climate projections from
four GCMs and three emissions scenarios are used with the VIC-CropSyst model to
examine the potential impacts of climate change on corn and soybean yields in the
Midwestern US for the years 2020-2049. Changes in future crop yield were evaluated by
comparing the changes in simulated yield from 1980-2009 to 2020-2049. The predicted
annual corn yield change decreases in the future period, with a range from +8.35 to 40.92%, while the predicted annual soybean yield change increases in the future, with a
range from +23.1% to -24.07%. The overall trend of 30 year average of corn yield is
decreasing by -8% and soybean yield is increasing by 3%. The trend of predicted crop
yield is consistent with previous studies, such as those by Southworth et al. (2000; 2002).
Southworth et al. (2000; 2002) predicted that future corn yield changed from +10% to -30%
and that future soybean yield increased by up to 90%. However, previous studies found
higher crop yield predicted in the central and northern parts of the current study area,
while this work predicted that higher yield would occur in the southern states.
Differences between these studies could be related to the focus of the previous study on
the decade of 2050-2059 on farm-level areas of the Great Lake region and its reliance on
one climate model (HadCM2) and two emission scenarios.
The results of this work conclude that climate uncertainty is a significant factor
influencing crop yield in the future. The future change of crop yield will reflect the
combined influence of the effect of temperature and precipitation. The correlation test
demonstrated strong correlation between crop yield and change of temperature and
precipitation, but weak correlation in change of wind speed. Statistical testing found a
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significant correlation between crop yield and temperature as well as precipitation for
corn and soybean, while the correlation of wind speed is significant for soybean yield, not
for corn yield. In addition, Mann-Kendall test showed that the trend in crop yield is
significant with temperature and precipitation. However, the trend with wind speed is
significant for soybean yield, not for corn yield. The effect of warming temperature could
cause decreasing yield on crop yields, while the effect on corn yield is more serious than
on soybean. In addition, changing precipitation is also an important influence on crop
yield, while the higher projection of precipitation in the future could improve more yields
in soybean than in corn. However, the improvement slows down after the increase by
25%. The effect of wind speed uncertainty on corn and soybean yield is studied for the
first time studied by this work. Understanding the response of crop yield to climate
variability is essential to projecting future agricultural production in a changing climate.
Several studies have shown that crop yields are found quite different when change in
climate variability is included (Mearns et al., 1996, 1997; Semenov et al., 1996; Wolf et
al., 1996). Farmers can adapt and adjust the management practice such as irrigation use,
crop planting dates or hybrid selection based on the result of this work. Farmers in the
area of projected higher temperature and lower precipitation such as in Michigan should
be cautious with the future crop yield. In addition, the future shifts in crop genetics are
likely to offset many of these projected impacts. We are continuing this work by
evaluating the effect of irrigation on crop yield in the same study area. Additional study
will allow us to understand how much the application of irrigation could improve crop
yields under future climate scenarios.
.
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CHAPTER 4. ASSESSING THE EFFECT OF IRRIGATION ON RAIN-FED CROP
YIELDS AND THE CHANGE OF WATER FOOTPRINT IN THE MIDWESTERN
UNITED STATES

ABSTRACT

Irrigation is an important application to reducing the risk of agricultural yields
being impacted by increased water deficits expected to occur as a result of future climate
change. Compared to the Western United States, relatively little cropland in the
Midwestern United States is irrigated. Our previous work analyzed the impacts of climate
change on crop yield for non-irrigated agriculture in the Midwestern United States. The
objectives of this research are to (1) evaluate the effects of irrigation on crop yields and
compare the results to a non-irrigation scenario, (2) analyze the relationship between
potential changes in crop yield and climate change due to irrigation effect, and (3)
evaluate changes in water footprint of crop yield in each state due to projected increases
in irrigation use. The effect of irrigation on crop yield is quantified using factor
separation analysis. The results highlight that irrigation use could improve crop yield
significantly compared to the non-irrigated scenario, and mitigate climate change impact
on crop yield significantly. Assessment of water footprint shows that the increased use of
irrigation affected regional water use but the risk associated with excessive irrigation use
is not understood due to the restriction in irrigation algorithm in the model.
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4.1

Introduction

In the last few decades, agricultural yields in the U.S. and worldwide have greatly
increased due to technological innovation. The Midwestern U.S., which produces 40%-45%
of the world’s corn supply and 50% of the world’s soybean supply, is a major agricultural
area (USDA-NASS, 2003). However, agricultural yields are highly vulnerable to climate
change (Rosenzweig et al. 2001, Lobell et al., 2011). In order to mitigate climate impacts
on agricultural yields, one of the key considerations is water supply. According to NASS
statistics, less than 15% of U.S. cropland is irrigated and most of this irrigation occurs in
the Western U.S. In the Midwestern U.S., most areas have traditionally been rain-fed and
the few areas that use irrigation are not heavily irrigated.
The U.S. Department of Agriculture (USDA) Farm and Ranch Irrigation Survey
(FRIS) found that the area of irrigated farmland across the United States has increased
2.4 million acres, or nearly 5%, since 2003. The total quantity of water for irrigation has
also increased about 5.2% to 91.2 million acre-feet
(http://www.agcensus.usda.gov/Publications/2007/). The states with the largest areas of
irrigated land include Nebraska, California, Texas, Arkansas, and Idaho. Compared to the
Western U.S., irrigation is rarely applied in the Midwestern U.S. The proportion of
irrigated farmland is about 38% of total cropland in the Midwestern U.S., versus about 55%
to 84% in the Western U.S. (NASS, 2003 and 2008).
Several previous studies have investigated the potential impacts of climate change
on crop yields for the Midwestern U.S.. Southworth et al. (2000) assessed potential
changes to corn yields using the DSSAT model for 2050-2059. Their results show that
corn yield could change from -50% to 10% in the Great Lake region. Soybean yields
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were assessed using SOYGRO (Southworth et al., 2002), and results show that yields
could vary from -25% to 20% in 2050-2059. The chapter 3 assessed potential future
changes to corn and soybean yields using the VIC-CropSyst model in the period of 20202049 based on four Global Circulation Models (GCMs) and three emission scenarios.
Results of that study project that corn yields could change from -41% to 8% and soybean
yields could change from -24% to 23% in the Midwestern U.S. due to climate change
impacts. However, research on water use associated with crop growth and production has
not been the subject of as much previous research, though applications of the water
footprint concept are becoming more common (e.g., Hoekstra and Hung , 2002;
Chapagain and Hoekstra , 2004; Aldaya et al., 2010; Mekonnen and Hoekstra, 2010;
Mubako and Lant, 2013).
The water footprint concept was introduced by Hoekstra and Huang in 2002 to
serve as a useful consumption-based indicator of water use. The water footprint is an
indicator of freshwater use that looks not only at direct water use of a consumer or
producer but also at indirect water use. The water footprint of a product is the volume of
freshwater used to produce it through the entire supply chain. In the case of agricultural
products, the water footprint is generally expressed in terms of m3/ton or liters/kg. When
accounting for agricultural products, the water footprint can also be expressed as a water
volume per piece. In the case of industrial products, the water footprint can be expressed
in terms of m3/US$ or water volume per piece. Other ways to express a product’s water
footprint are, for example, water volume/kcal (for food products in the context of diets)
or water volume/joule (for electricity or fuels). The overall measurement of water
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footprint is categorized into three indices: blue water footprint, green water footprint, and
gray water footprint.
The blue water footprint is an indicator of consumptive use of fresh surface or
groundwater, i.e. blue water. The term “consumptive water use” refers to one of the
following four cases: water evaporates, water is incorporated into a product, water does
not return to the same catchment area, or water does not return to the same catchment
area within a given time period, e.g., it is withdrawn in a dry period and returned in a wet
period. The green water footprint is the volume of rainwater consumed during plant
growth process. This is particularly relevant for agricultural and forestry products
(products based on crops or wood). Green crop water use represents the total rainwater
evaporated from a field during the growing period and plus the water incorporated into
the harvested crop or wood.
There have been many applications of the water footprint concept for agricultural
products, such as for cotton and tea in the Netherlands; coffee and tomatoes in Spain; rice;
and wheat (Chapagain et al, 2006; Chapagain and Hoekstra, 2007; Chapagain and Orr,
2009; Chapagain and Hoekstra, 2011). The water footprint method has also been used to
evaluate water needs for corn and soybean yields in the United States. Table 4.1 contains
water footprint estimates for corn and soybean that have been found in previous U.S.based studies. At this point, there have been no studies that have evaluated changes in
water footprints for corn and soybean between non-irrigation scenarios and irrigation
scenarios in the Midwestern U.S. Thus, the objectives of this work are to (1) evaluate the
effect of irrigation on corn and soybean crop yields and compare these results with a nonirrigation scenario, (2) analyze the relationship between potential changes in corn and
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soybean crop yields and climate change with irrigation, and (3) evaluate potential
changes in the water footprints of corn and soybean crop yields in each state in the
Midwestern U.S. due to irrigation.

Table 4.1. Water footprints of corn and soybeans (m3/ton) from previous U.S.-based
studies

Crop

Hoekstra
and
Hung
(2002)

Corn
377
Soybean 1380

Chapagain
Mekonnen
Aldaya
and
and
et al.
Hoekstra
Hoekstra
(2010)
(2004)
(2010)

Mubako
and
Lant
(2013)

489
1869

538
1081

4.2

4.2.1

466
1413

414
1430

Model and Data Sets

Study Area and Future Climate Projection

The study area for this research includes six states in the Midwestern U.S. (Figure
4.1). Figure 4.1 shows that irrigation water withdrawal for the Midwestern U.S. is much
lower than the Western U.S. This area is an important agricultural region in both the
United States and the world. This study area also covers several climate divisions for
both temperature and precipitation (Vose et al., 2014). Given the wide acknowledgement
that climate effects are one of the most important factors for crop yield, the assessment of
crop yield due to climate variability is important though challenging.
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Figure 4.1. The distribution of water withdrawal in the study area. Total irrigation water
withdrawal of the study area covering six states in the Midwestern U.S in 2005. Data is
available on USGS website (http://water.usgs.gov/edu/wuir.html).
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Chapter 3 used climate projections from four GCMs and three emissions
scenarios from the fifth phase of the Coupled Model Intercomparison Project (CMIP5)
(Taylor et al., 2012) to predict corn and soybean yields based on a non-irrigation scenario.
The models used were GFDL-GM3 (GFDL), IPSL, BCC-BSM1.1 (BCC), and MIROCESM (MIROC), and the three emission scenarios were RCP 2.6, RCP 4.5, and RCP 6.0.
These same models and emission scenarios have been used in this study, given that they
demonstrate a wide range of possibilities in terms of future climate. Four climate
variables serve as inputs of the crop model used in this work: maximum temperature,
minimum temperature, precipitation, and wind speed. Climate data for the historic and
future periods, 1980-2009 and 2020-2049, respectively, were generated using bias
correction and downscaling techniques. Details of this procedure can be found in Chapter
3.

4.2.2

The VIC-CropSyst Model

The VIC-CropSyst model is used to examine the effects of irrigation on changes
in crop yields and water footprints for corn and soybean in this work. This model is an
integration of 1) the Variable Infiltration Capacity (VIC) model, a land surface hydrology
model (Liang et al., 1994; Cherkauer et al., 2003), and 2) the Cropping Systems
Simulation (CropSyst) model, a cropping system model (Stockle et al. 1994, 2003). Both
the VIC model and CropSyst model have been used widely (Chen and Cherkauer, 2014;
Bocchiola et al., 2013; Abraha and Savage, 2007).
The two crops of interest in this study, corn and soybean have be simulated using
the coupled VIC-CropSyst model in the Midwestern U.S. (Chen and Cherkauer, in
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progress). The crop growth and development cycle in the VIC-CropSyst model consists
of several identifiable phenologic stages of development based on thermal time. Thermal
time accumulation serves as the basis of crop phenology simulation. Thermal time is
calculated as growing degree days (GDD, °C-days) accumulated throughout the growing
season (starting from planting until physiological maturity). The details of the GDD
calculation can be found in Chen and Cherkauer (2014).
The VIC-CropSyst model also includes irrigation management applications.
Automatic irrigation will apply sufficient water to bring the water content of the soil to a
level such that the plant available water (PAW) is refilled to the specified amount
whenever the plant available water falls below a specified amount. When the simulation
applies water in an automatic irrigation event, it uses the following formula to determine
the amount of water to be applied:
∑•~–? WC•XŽ − WC~ ∙ R•

if PAW~ < PAW|Xy~••

Equation 4.1

where n is the number of soil layers; WCi (m³/m³) is the water content of layer i; RDi (m)
is the root depth in layer l (if the root grows through the layer, RDi is equal to the
thickness of the layer); and PAWi (0-1) is the current plant available water for layer l
calculated using:
PAW~ =

—wƒ -˜—˜ƒ
™wƒ -˜—˜ƒ

Equation 4.2

where PAWrefill (0-1) is the point of plant available water to refill to; WCnew (m³/m³) is
the water content when the soil layer is refilled to PAWrefill, as determined by the
equation:
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WC•XŽ = PAW|Xy~•• ∙ FC~ − PWP~ + PWP~

Equation 4.3

FCi (m³/m³) is the field capacity of layer i; and PWPi (m³/m³) is the permanent
wilting point of layer i. The VIC-CropSyst model used for this study was not limited in
its use of irrigation water by available supply, so estimates of water use and crop
response should be considered upper limits.

4.3

4.3.1

Methodology

Historical Irrigation Data Estimate for The Midwestern U.S.

Although the majority of the Midwestern U.S. does not use irrigation for crop
growth, we still need to estimate approximate historical irrigation when we calculate
water footprint changes for the irrigated and non-irrigated scenarios. In Chapter 2, the
simulation of historical crop growth and future crop growth is conducted without
irrigation, but for this study those analysis are updated to include the estimate of
historical irrigation to improve the calculation of water footprint. In order to assess
irrigation effects accurately in a rain-fed agricultural area, historic irrigation data is
necessary; however, most irrigation records are not as detailed as other agricultural and
climatological records. Even though long-term irrigation data is hard to obtain, the USDA
FRIS provides very useful multi-year irrigation data for states in the U.S. Select irrigation
data for on-farm irrigation operations have been collected in the USDA-NASS Census of
Agriculture since 1890. In 2003 and 2008, complete Census data was published for the
periods of 1998-2002 and 2003-2007. We used average irrigation data over the entire
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1998-2007 to represent historic irrigation amounts for this research. The average
estimated quantity of water irrigated by all methods, based on FRIS data, is shown in
Table 4.2. The volume of water used in the states of the Midwestern region ranges from
0.48 to 0.86 acre-foot/year. Iowa consumed the least irrigation water (0.48 acre-foot/year
or 146.3 mm), while Wisconsin consumed the most (0.86 acre-foot/year per acre or
262.128 mm). Average annual irrigation in the study area is estimated to be 0.60 acrefoot/year per acre, or 182.88 mm.
According to the Census of Agriculture data (USDA, 2007), the ratio of irrigated area to
total acres for corn and soybean is 0.18 and 0.09, respectively, in the United States. Given
that this is the most reliable and long-term record found and that almost the entire corn
and soybean acreage is concentrated in the Midwestern U.S., the irrigation amount for
historical corn and soybean yield is roughly estimated in this work as:
$››$œ 5$34 › 5• 22 × ž›3Ÿ% 4# ›•

2+ × › 5$3 3N $››$œ 5•# ›•
Equation 4.4

Table 4.2. Irrigation area and quantity of water used in each state of the study area for the
period of 1998-2007 (USDA, 2003, 2008).
States
Illinois
Indiana
Iowa
Michigan
Minnesota
Wisconsin

Average irrigation rate
per acre (acre-foot/year)
0.56
0.49
0.48
0.54
0.67
0.86
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4.3.2

Irrigation Scheme in the VIC-CropSyst Model

One of the objectives of this work is to use the VIC-CropSyst model to simulate
crop yield for irrigated and non-irrigated crop production scenarios. Historically much of
the study domain has been managed without irrigation, but more recently, especially after
the drought of 2012, irrigation is becoming more common as a way to mitigate climate
risk to crop yields. Simulations for historic and future corn and soybean productivity
without irrigation have already been completed in Chapter 3, so this work will focus on
how the application of irrigation affects crop yields, and how it affects the water footprint
of the crops grown.
The FRIS survey shows that sprinkler system usage increased from 2003 to 2008
by 15 percent while gravity irrigation declined by 5 percent. Table 4.3 shows the ratio of
irrigated areas that use different irrigation systems. The sprinkler system is most popular
form of irrigation in the Midwestern U.S. The VIC-CropSyst Model has 25 different
irrigation schemes. We chose the Center Pivot/Rill/Sprinkler for this work. Observed
irrigation rates for each state (Table 4.2) are only used as the historic irrigation quantities
for our water footprint calculations for the non-irrigation scenario, while crop yield is still
simulated without irrigation. In future irrigation scenario, we assume that irrigation is
applied to all croplands with Center Pivot/Rill/Sprinkler system and the VIC-CropSyst
Model automatically applies irrigation to crops when a soil water deficit occurs during
the simulation. The CropSyst manual uses 20 mm as the default deficit in the Midwestern
Region, so this study uses the same limit. When the soil water deficit reaches the 20 mm
threshold, the model starts to irrigate crops.

98
Table 4.3. The average ratio of irrigation systems used in each state in the study area
from 1998-2007.
Gravity flow
systems

Sprinkler
systems

Total acres Acre
Ratio Acre
Ratio
irrigated
irrigated (%)
irrigated (%)
Illinois
415999
3444
0.83 407236 97.89
Indiana
340347
4603
1.35 334593 98.31
Iowa
148501
6086
4.10 143147 96.39
Michigan
482296
666
0.14 461258 95.64
Minnesota
469415
17845
3.80 453237 96.55
Wisconsin
393943
4705
1.19 384232 97.53
States

4.3.3

Drip, trickle, or
low-flow micro
sprinklers
Acre
Ratio
irrigated (%)
1157
0.28
3485
1.02
358
0.24
23755
4.93
1463
0.31
1499
0.38

Water Footprint Calculation

The total water footprint of the process of growing crops is the sum of the green,
blue and grey components (Hoekstra and Chapagain, 2011). This work focuses on the
effect of irrigation on the water use of crops, so the grey water footprint is negligible.
Blue water consumption in agriculture can be measured but one will generally have to
rely on models to estimate irrigation water requirements and information on whether and
when irrigation takes place. The green water footprint is the volume of rainwater
consumed during the production process. This is particularly relevant for agricultural
products, where it refers to the total amount of rainwater evapotranspiration from fields
and the amount of water incorporated into harvested crops. Green water consumption in
agriculture can be measured or estimated with a set of empirical formulas or crop models
based on input data for climate, soil and crop characteristics. The distinction between the
blue and green water footprints is important because the hydrological, environmental and
social impacts and the economic opportunity costs of surface and groundwater use for
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production differ distinctively from the impacts and costs of rainwater use (Falkenmark
and Rockström, 2004; Hoekstra et al., 2009).

Green Water Footprint Calculation
The VIC-CropSyst model is able to model ET and crop growth, so we have used
it to obtain ET data following the equation in the manual (Hoekstra et al., 2011):
¡¢

=

¤¥¦

?,×∑§¨M £ ×0
©

Equation 4.5

where WFgreen is the green water footprint of crops (m3/ton), Y is crop yield (ton/ha), A is
the cropland area (ha), and ET is the evapotranspiration (mm/period). The factor of 10 is
meant to convert water depths in millimeters into water volumes per land surface in
m3/ha. The summation is done over the period from the day of planting (d = 1) to the day
of harvest (lgp stands for length of growing period in days).

Blue Water Footprint Calculation
The blue water footprint represents the total irrigation water evaporated from the
field and the loss during transfer, and can be estimated by the irrigation applied
automatically within the VIC-CropSyst model. For this study, we assumed that historical
irrigation was entirely used for crop growth and did not result in any runoff so irrigation
losses were neglected, while the irrigation loss for irrigated scenario is calculated in the
VIC-CropSyst model for water footprint change in the future period. Thus, the blue water
footprint is calculated using the following equation for this work:
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Equation 4.6

where WFblue is blue water footprint (m3/ton), and IR is irrigation amount in the crop
growing period (m3).

4.3.4

Model Calibration and Validation

The VIC-CropSyst has been shown to perform well for simulations of both corn
and soybean yields without irrigation in Chapter 3. For that study, the model was
calibrated for the period of 2010-2013 using crop growing degree-days (GDD) and then
validated for the period of 2001-2010. The validation showed an R2 ranging from 0.46 to
0.93 for corn and 0.54 to 0.85 for soybean. The calibrated model will be used for the
current numerical simulation experiments.

4.3.5

Relationship Analysis between Effect of Climate Uncertainty and Crop Yield in
Irrigation Scenario
The method of factor separation analysis (Chapter 2) is used to quantify the effect

of irrigation on crop yield under historical and future climates. This analysis makes use of
two factors: irrigation (with and without) and climate (historical and future). For the
factor separation analysis four cases, described in Table 4.4, are simulated. When we
compare Case 2 to Case 1, it quantifies the impact of future climate change on nonirrigated crops; Case 4 – Case 3 quantifies the impact of climate change on irrigated
crops. These two comparisons exclude the effect of irrigation and quantify only impact of
climate change on crop yield. When we compare Case 3 to Case 1, it highlights the effect
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of irrigation under historical climate; Case 4 – Case 2 quantifies the effect of irrigation on
crop yield under future climate. These two comparisons isolate climate change impacts
and quantify the contribution of irrigation on crop yield. The comparison between Case 4
to case 1 highlights the projected change in crop yield under future climate when crops
are irrigated, which is considered a likely future scenario in the Midwestern U.S. as
farmers are already installing irrigation to reduce the perception on increasing risks under
traditional rain-fed agriculture management.

Table 4.4. Factor separation analysis for irrigation and climate factors. The factors used
in this work are irrigation scheme and climate change. Four cases consist of these two
factors and are simulated by the VIC-CropSyst model.
Non-irrigated scenario

Irrigated scenario

Historical period

Case 1

Case 3

Future period

Case 2

Case 4

Chapter 3 analyzed the effect of climate impact on crop yield under non-irrigated
scenario using LOWESS (Localized Scatter Plot Smoothing) (Cleveland, 1979), and
constructing 95% confidence interval by using bootstrap method. The previous chapter
used the LOWESS curves to identify a negative correlation between temperature and
crop yield, a positive correlation between precipitation and crop yield, and slight negative
correlation between wind speed and crop yield. These correlations were quantified by
calculating the Pearson Correlation coefficient and tested for statistical significance using
the Mann-Kendall test. The previous chapter found strong correlations between
temperature and crop yield, and precipitation and crop yield, but a weak correlation

102
between wind speed and non-irrigated crop yield. The Mann-Kendall found that the trend
is significant for temperature and precipitation in both non-irrigated corn and soybean
yields. The trend between wind speed and non-irrigated soybean yield was also found to
be significant, however, there was no statistically significant trend found between wind
speed and corn yield. The same correlation tests are used in this chapter to investigate
how irrigation will influence the correlations between crop yields and climate variability.
4.4

4.4.1

Results and Discussion

Irrigation Effect on Crop Yield

Model simulation results from this work have been analyzed and compared to the
results of our previous chapter in order to determine the effects of irrigation on crop
yields. Without irrigation (Case 2 – Case 1), corn yield is projected to decrease by 0.37
ton/ha to -0.16 ton/ha (Table 4.6). Including irrigation in the future simulations reduce
the corn yield loses to 0.17% or 3.69% relative to the historical scenario (Case 4 – Case
1). Soybean yield increases 0.03 ton/ha or 2.79% in the future, even without irrigation,
while increases of 0.28 ton/ha or 23.58% are projected with the use of irrigation. Under
future climate scenarios, the use of irrigation is projected to increase average corn yield
by 0.21 ton/ha (4.69%), and average soybean yield by 0.25 ton/ha (20.22%) relative to
yields produced without irrigation (Case 4 – Case 2).
Irrigation affects corn and soybean yields on an annual basis as well (Figure 4.2).
The application of irrigation generally improves both corn and soybean yield, though it
helps to reduce the losses in corn yield rather than produce higher future yields. Irrigated
corn yields increase in the future relative to historical average yields 10 years out of 30
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years, while non-irrigated corn yields increase in 6 years out of 30 years in the future.
When non-irrigated soybean yields decrease 10 years out of 30 years, irrigated soybean
yields all increase in the future period due to effect of irrigation. Crop yield is greatly
improved due to irrigation in dry years than in wet years. For example, corn and soybean
yields are improved significantly in 2027-2029, 2032, 2043, 2046, 2047, and 2049 where
precipitation increased less than 5% over the historical average in the future. However,
irrigation has less of an effect on crop yields in wetter years such as corn yield in 2033
where ensemble mean precipitation increased 30.69% over the historical average, and
irrigation water contributed an additional 90 mm. Soybean yields are also minimally
affected by irrigation in 2044 where precipitation increases 42.95% over the historical
average. Thus, we find that irrigation can lead to significant improvements in crop yields,
especially in years with lower precipitation; however, it has less of an effect in years with
increased precipitation.
Irrigation effectiveness also varies by year as illustrated looking at annual
differences in crop yields between future scenarios with and without irrigation (Case 4 –
Case 2; Figure 4.2). Soybean yields benefit the most from the application of irrigation,
with 12 out of 30 years experiencing at least a 20% increase in yield. Corn yields
increase by at least 20% for only two years in the same period.
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Table 4.5. The change in crop yields under future irrigated scenario. Crop yield change
between two periods, 1980-2009 and 2020-2049, for different irrigation scenarios.
Additional information about the data for the non-irrigation scenario can be found in
Chapter 3.
Comparison
Future non-irrigated VS historical
non-irrigated (Case 2 – Case 1)
Future irrigated VS historical nonirrigated (Case 4 – Case 1)
Future irrigated VS future nonirrigated (Case 4 – Case 2)

∆Yield
(ton/ha)
Corn
-0.37
Soybean 0.03
Corn
-0.16
Soybean 0.28
Corn
0.21
Soybean 0.25
Crop

∆Yield
(%)
-8.01
2.79
-3.69
23.58
4.69
20.22

Figure 4.2. Annual variation of crop yield in the future period compared to historical crop
yield. Annual change in yield of corn and soybean with irrigation (Case 4), compared to
average yield without irrigation (Case 1) for the future period (2020 to 2049). Percent
change shows changes in crop yield with irrigation (Case 4 – Case 1).
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Figure 4.3. The improvement of irrigation on future crop yield. Annual change in yield of
corn and soybean for the future period (2020 to 2049) for irrigated minus the nonirrigated management (Case 4 – Case 2), The error bar represents one standard deviation
of the annual yield change.
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Table 4.6. Annual change in crop yield and ET between the irrigation scenario and the
non-irrigation scenario. ET is crop evapotranspiration, Y is crop yield, T is temperature,
P is precipitation, and W is wind speed. The change in crop yield and ET are calculated
by comparing to the results of this work to those from previous research.

Year
2020
2021
2022
2023
2024
2025
2026
2027
2028
2029
2030
2031
2032
2033
2034
2035
2036
2037
2038
2039
2040
2041
2042
2043
2044
2045
2046
2047
2048
2049
Average

∆ET
(mm)
5.79
13.07
8.04
-0.10
5.69
14.83
7.13
21.47
30.04
13.82
4.58
4.15
19.12
-3.80
3.35
1.07
5.00
7.65
5.88
1.91
7.37
4.87
2.33
9.95
0.65
5.48
14.89
17.00
0.99
16.46
8.29

Corn
∆ET
∆Y
(%)
(ton/ha)
4.00
0.10
10.05
0.35
5.59
0.19
-0.07
-0.06
3.93
0.10
9.64
0.39
4.91
0.13
18.90
0.65
28.82
0.83
10.55
0.37
3.26
0.11
2.98
0.08
14.11
0.64
-2.50
-0.18
2.57
0.08
0.77
-0.06
3.81
0.09
6.23
0.19
4.26
0.13
1.31
-0.03
4.92
0.16
3.50
0.11
1.70
-0.05
7.44
0.33
0.43
-0.12
4.09
0.13
11.72
0.41
13.51
0.48
0.68
0.03
12.03
0.44
5.72
0.21

∆Y
(%)
2.36
8.70
4.14
-1.58
2.15
7.88
2.70
20.40
30.36
9.43
2.44
1.78
15.21
-3.62
1.83
-1.24
2.30
5.02
3.09
-0.64
3.25
2.47
-1.17
7.78
-2.36
3.04
10.91
12.92
0.59
10.25
4.92

∆ET
(mm)
12.45
13.31
14.40
7.91
12.44
14.74
11.02
31.39
33.83
23.40
9.51
16.00
27.64
5.98
12.58
10.35
9.19
15.54
9.74
7.62
10.66
16.55
2.72
22.86
2.54
10.14
27.89
26.75
10.86
18.47
14.95

Soybean
∆ET
∆Y
(%)
(ton/ha)
11.89
0.23
12.87
0.21
13.76
0.26
7.95
0.16
11.73
0.21
13.26
0.23
10.14
0.20
37.87
0.46
45.16
0.51
25.86
0.38
8.53
0.19
16.04
0.26
29.18
0.39
5.39
0.12
11.82
0.22
9.77
0.19
8.96
0.18
15.93
0.25
9.06
0.15
6.86
0.16
9.34
0.19
17.45
0.28
2.29
0.09
25.70
0.36
2.06
0.09
10.31
0.20
31.65
0.42
30.52
0.40
10.29
0.21
18.76
0.27
12.81
0.25

∆Y
(%)
17.47
16.61
21.02
12.17
16.17
16.94
15.04
47.56
55.73
36.38
14.45
22.20
33.46
9.29
17.08
14.38
14.67
20.95
11.30
11.86
13.90
24.58
6.32
32.69
5.88
16.08
40.86
37.59
16.73
22.97
20.23
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4.4.2

Factor separation analysis of effect of irrigation and climate change impact on
crop yield
In order to isolate the contribution of irrigation to crop yield, we compared the

crop yield between different irrigation schemes but with the same climate, so Case 3 –
Case 1 for historical climate and Case 4 – Case 2 for future climate. The analysis finds
that crop yield is improved by irrigation under both historical and future climate (Figure
4.4). The improvement is greater for soybean yield than for corn yield, also for both
periods. Figure 4.4 showed that annual corn yield is improved by up to 40% under the
historical climate, while yield did not increase in the six out of thirty years under the
future climate. Average 30-year yield changes (Table 4.8) due to the use of irrigation
improve corn yield by 12.26% under historical climate and 4.69% under future climate.
Soybean yields improve by 30.21% in the historical period and 20.22% in the future
period.
Changing climate decreases crop yields significantly under both non-irrigated and
irrigated scenarios (Figure 4.5), though its impact is more significant under the irrigated
scenarios. For corn yield, the annual variation of yield showed only four years with
positive changes in the non-irrigated climate change scenario and two years with positive
changes under the irrigated scenario. Climate change is found to decrease corn yield by
up to -40%, though it also increased it by up to 10% in specific years (Figure 4.5).
Climate change caused less of an impact on soybean yield, with soybean yields changing
by between -22% and +20%; however, the impact on soybean yield is also smaller under
the non-irrigated scenario than under the irrigated scenario. Average non-irrigated corn
yield over the 30-year period is decreased by -0.37 ton/ha (Table 4.8), which is a decrease
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of -8.01%, while with irrigation the average decrease is -0.74 ton/ha, or -14.22%. Nonirrigated soybean yields increased by 0.03 ton/ha, or 2.79%, while they decreased by 0.08 ton/ha (-5.08%) when irrigated.
Case 4 to case 1 highlights the projected change in crop yield under future climate
when crops are irrigated, which is considered the interaction of irrigation and climate on
crops. Due to interaction of irrigation and climate, average corn yield over the 30-year
period is decreased by -0.16 ton/ha, which is a decrease of -3.69%, while average
soybean yield is increased by 0.28 ton/ha, which is an increase of 23.58%. The
interaction of irrigation and climate decreases average corn yield while increases average
soybean yield. By the factor separation analysis, we found that the effect of irrigation
improved corn and soybean yield under the same climate scenario, and it improved crop
yields more in the historical climate. The improvement of irrigation is greater on soybean
yield than on corn yield, while the impact of climate change is more serious on corn yield
than on soybean yield. The reason that the improvement is lower in the future climate
could be that the future climate scenario is more detrimental for crop yield such as
warming temperature, and soil water deficit. In addition, we can see that impact of
climate change caused decrease on crop yields under the same irrigation scheme except
for soybean yield under non-irrigated scenario, and the impact is more serious on corn
than soybean.
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Table 4.7. The change in crop yield due to irrigation and due to climate change.
Irrigation effect comparison
Irrigation versus non-irrigation under historical
climate (Case 3 – Case 1)
Irrigation versus non-irrigation under future
climate (Case 4 – Case 2)
Climate impact comparison
Non-irrigated future climate versus historical
climate (Case 2 – Case 1)
Irrigated future climate versus historical climate
(Case 4 –Case 3)

∆Yield ∆Yield
(ton/ha) (%)
Corn
0.57
12.26
Soybean
0.36
30.21
Corn
0.21
4.69
Soybean
0.25
20.22
Corn
Soybean
Corn
Soybean

-0.37
0.03
-0.74
-0.08

-8.01
2.79
-14.22
-5.08
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Figure 4.4. The annual variation of crop yield due to irrigation under both historical and
future climate. The effect of irrigation under historical climate is quantified using the
difference between Case 3 and Case 1 and under future climate by the difference between
Case 4 and Case 2.
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Figure 4.5. Annual variation of crop yield due to the impact of climate for non-irrigated
and irrigated scenarios. The impact of climate change on non-irrigated crop yield is
quantified by the difference between Case 2 and Case 1, and the impact of climate on the
irrigated scenario is quantified by the difference between Case 4 and Case 3.
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4.4.3

The Climate Moderating Effect of Irrigation on Crop Yield

The relationship between climate variables and crop yield for each of the selected
GCMs is evaluated in order to analyze the potential impacts of climate change on crop
yields when irrigation is used. Previous chapter shows that temperature and precipitation
have strong correlation with crop yield in the study area, while correlation with wind
speed is weak. Here we use the Pearson Correlation test (Figure 4.6) and Mann-Kendall
test to evaluate the mitigating effect of irrigation on crop yield reductions relative to
change in three climate variables: air temperature, precipitation and wind speed. The
Pearson Correlation between air temperature and crop yield is reduced from -0.48 to 0.42 for corn yields, and from -0.52 to -0.31 for soybean yield. The p-value of
significance test of Pearson Correlation shows that the linear relationship between
temperature change and crop yield change is still significant under the future irrigated
scenario (Table 4.9); however, the p-value of Mann-Kendall test shows that the trend is
still significant between temperature change and corn yield change but not significant for
soybean yield change under the future irrigated scenario. Higher correlations are
indicative of a high degree of climate control on yield, so the observed reduction in
correlation indicates that irrigation is mitigating the effects of air temperature for both
crops, though its effect is larger for soybean. In addition, the Mann-Kendall test shows
that irrigation could reduce the influence of future temperature change on soybean yield
since the correlation becomes insignificant for the future scenario.
Irrigation reduces the correlation between precipitation change and crop yield to
an even greater degree. For corn the correlation drops from 0.53 to 0.34, while for
soybean it drops from 0.63 to 0.19. This result follows directly from the irrigation
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process, which is designed to reduce water deficits thus the strong mitigation effect
relative to precipitation variability. The Pearson Correlation finds that the linear
relationship becomes insignificant between precipitation change and irrigated soybean
yield, while it is still significant for irrigated corn yield. The Mann-Kendall test, however,
finds that the trend is not significant between precipitation and either irrigated corn or
soybean yields. The relationship between air temperature and irrigation is less direct, as
irrigation can replace water lost to accelerated evapotranspiration in a warmer climate,
but even with that water crops can be stressed by excessive heat.
Changes in wind speed actually experience an increase in correlation with crop
yield when the crop is irrigated. For corn the correlation increases from -0.18 to -0.29,
while for soybean the correlation increases from -0.35 to -0.59. The Pearson Correlation
linear relationship is statistically significant between the change in wind speed and crop
yield for both corn and soybean yields for the irrigated scenarios. Meanwhile the MannKendall test found that with irrigation the relationship between change in wind speed and
soybean yield is significant, while that for corn yield is not. Wind speed is a direct factor
controlling the rate of evaporation, so higher wind speeds lead to increased evaporation,
reduced soil moisture and a greater potential for drought stress.
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Table 4.8. Statistical test for the correlation between climate variability and crop yield.
The changes of crop yields under non-irrigated and irrigated scenario in the future period
are compared to historical crop yield under non-irrigated scenario. The p value showed
the significance for Pearson Correlation test and Mann-Kendall trend test. The p-value
less than 0.05 means significant correlation.
Pearson Correlation
P-value
Temperature
Precipitaiton
Wind speed
Man-kendall
Temperature
Precipitaiton
Wind speed

Non-irrigated
Corn
Soybean
0
0
0
0
0.056
0.001

Corn
0
0.001
0.003

< 0.001
< 0.001
0.11

0.003
0.11
0.19

< 0.001
< 0.001
0.02

Irrigated
Soybean
0.005
0.35
0
0.39
0.21
< 0.001
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Figure 4.6. Pearson Correlation between crop yield in irrigated and non-irrigated
scenarios and climate variability
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4.4.4

Spatial Distribution of Crop Yield and Irrigation Use

The spatial distribution of future crop yields (Figure 4.7), compared to historical
yields (Chapter 3), shows that the effect of irrigation improved crop yield, with soybean
yield increasing more than corn yield, across the entire study area. The pattern of spatial
distribution of crop yield in irrigated scenario is roughly similar to that in the nonirrigated scenario. Crop yield is improved greatly in all models, especially in MIROC
model. Figure 4.8 indicates the spatial variation in how irrigation increases crop yield
when compared to the non-irrigated future scenario (Case 4 – Case 2). We can see that
irrigation improves corn yield up to 50% and soybean yield by more than 50% in most of
the study domain. Corn yield experiences less improvement in scenarios from the BCC
model, and the largest improvements under the MIROC model scenarios. Figure 4.6
demonstrates that crop yield is more correlated to wind speed in irrigated scenario. It
perhaps causes the decrease of corn yield in BCC model and MIROC model (Figure 4.8)
due to higher wind speed projection in the future. The effect of irrigation improves
average corn yield in 30-year future periods by about 5% and soybean yield by 20%
(Table 4.6) across entire study area, and improvement of corn yield in each state ranges
from 0.11% to 8.49%, soybean yield from 5.91% to 32.83% (Table 4.10). Improvement
of crop yield for both corn and soybean is highest in Illinois and lowest in Michigan.
Improvement of corn and soybean yield responds to irrigation use consistently (Figure
4.9). The more water crop used for irrigation, the greater yield improvement. Crop yield
improves greatly for all model simulations, especially in the MIROC model scenarios
that use the most irrigation water of all GCMs evaluated.
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Table 4.9. Irrigation effects on crop yield change in the future period, relative to the
historic period for each state. Scenarios are the same as in Table 4.6.
IL
IA
MN
MI
WI
IN
Future non-irrigated VS historical non-irrigated (Case 2 – Case 1)
-8.01 -5.53 -6.42 -8.91 -11.94 -7.26
Corn yield change (%)
Soybean yield change (%) 8.75 8.73 1.51 -1.85 -1.69 0.37
Future irrigated VS historical non-irrigated (Case 4 – Case 1)
-5.39 2.42 -0.39 -5.58 -11.5 -4.09
Corn yield change (%)
4.01 24.96
Soybean yield change (%) 31.59 44.32 17.52 13.67
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Figure 4.7. The spatial distribution of crop yield change between future irrigated scenario
and historical non-irrigated scenario. Percent change of crop yields for corn and soybean
for a future with irrigation minus historical non-irrigated scenario (Case 4 – Case 1) for
each model across all emission scenarios.
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Figure 4.8. The spatial distribution of crop yield change between future irrigated scenario
and future non-irrigated scenario. Same as Figure 4.7, but showing differences between
the future with irrigation and the future without irrigation (Case 4 – Case 2).
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Figure 4.9. The spatial distribution of average irrigation water use in the study area.
Simulated irrigation water use represented in annual average over the 30-year period of
2020-2049 for corn and soybean production under the future with irrigation scenario for
each model across all emission scenarios.
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4.4.5

Irrigation Effect on Water Footprint

There is no obvious change in the water footprint between the future and
historical periods when irrigation is not used. In the calculation of water footprint for the
historical scenario, we have estimated historical irrigation as described in the methods
section. The calculation of water footprint is categorized into three groups for corn and
soybean yield: 1) historical period without irrigation, 2) future period without irrigation,
and 3) future period with irrigation. The blue water footprint only represented about 2.3%
for corn and 1.6% for soybean. The introduction of irrigation leads to significant
increases in the blue water footprint to 11% for corn and 16% for soybean (Figure 4.10).
Irrigation also provides water as blue water for crops, so crops could decrease water use
from effective precipitation, which makes up part of the green water footprint. In
comparing water footprints, we find that soybean has a larger water footprint than corn
and a greater increase in blue water footprint in the future period for the irrigation
scenario. Corn and soybean yield increases in the future irrigated scenarios (Table 4.6),
showing that the green water footprint of soybean is decreasing (Figure 4.10), meaning
that future soybean yield has less dependence on precipitation and takes advantage of
irrigation to maintain yields. On the other hand, corn yields have a decreasing trend in
both the irrigation and non-irrigation scenarios (Table 4.6), so its green water footprint is
increasing. It means that water use efficiency in green water footprint could be improved
more in soybean than in corn with irrigation scenario. The total water footprint for corn in
the non-irrigated historical period, non-irrigated future period, and irrigation future period
is 316.94 m3/ton, 329.86 m3/ton, and 361.21m3/ton, respectively, and for soybean is
879.83 m3/ton, 837.23 m3/ton, 917.41 m3/ton. Previous research looking at the water
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footprint for corn in the U.S. found values of about 377 to 538m3/ton in the historical
period (Hoekstra and Hung, 2002; Mubako and Lant, 2013), which are slightly higher
than the values calculated here. The water footprint for soybean in previous research
(Hoekstra and Hung, 2002; Mubako and Lant, 2013) ranges from 1081 to 1869 m3/ton,
which is higher than the values found in this work. The range of water footprints for corn
and soybean is likely variable because of changing climate conditions and different
irrigation scenarios over the entire U.S, rather than only the Midwestern U.S.
Figure 4.10 shows the water footprint of corn and soybean for each state under all
four climate models and irrigation practice. In the non-irrigation scenarios, water
footprint of corn is largest in IA and smallest in MI, while water footprint of soybean is
largest in IA and smallest in IN. In the irrigation scenario, the total water footprint is
higher than non-irrigation scenario in each state. In Table 4.9, we find that the water
footprint change is least in MI, which is 4.59 % for corn and 1.34 % for soybean. The
change in water footprint between the irrigation and non-irrigation scenarios suggests that
corn yield should require the smallest change in the water footprint in MI and the largest
change in MN. Soybean yield should require the smallest change in water footprint in MI
and the largest change in IL.
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Figure 4.10. The change of water footprint due to irrigation use. The proportion of blue
and green water footprint of corn and soybean for different periods and scenarios in the
historic and future period.
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Figure 4.11. The change of water footprint of each state in the study area. Water footprint
change between the non-irrigation and irrigation scenarios for corn and soybean for each
state. Each state has two bar charts of data as a group. The left bar represents the nonirrigation scenario and right bar represents the irrigation scenario.
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Table 4.10. The delta change and percent change of water footprint of each state in the
study area. The delta change and percent change of the total water footprint for corn and
soybean between the irrigation and non-irrigation scenarios.
Corn
WFgreen
WFblue
WFTotal

Difference
(m3/ton)
Change (%)
Difference
(m3/ton)
Change (%)
Difference
(m3/ton)
Change (%)

IN

IL

IA

MI

MN

WI

-1.94

-0.96

-1.70

8.44

10.39

8.36

-0.61

-0.29

-0.50

2.83

3.25

2.67

21.27

35.81

40.02

5.58

26.86

26.53

375.04

594.95

688.22

75.48

397.08

446.95

19.33

34.85

38.32

14.02

37.24

34.88

5.93

10.40

11.22

4.59

11.40

10.94

-23.93

-29.14

-54.94

-20.41

-36.43

-24.82

-3.03

-3.64

-6.34

-2.57

-4.44

-3.07

87.57

139.44

155.18

31.25

108.78

105.19

831.64

1253.59

1670.37 177.68

998.97

930.91

63.64

110.30

100.24

10.84

72.35

80.37

7.94

13.57

11.44

1.34

8.70

9.80

Soybean
WFgreen
WFblue
WFTotal

Difference
(m3/ton)
Change (%)
Difference
(m3/ton)
Change (%)
Difference
(m3/ton)
Change (%)

4.5

Conclusions

This chapter illustrates the potential for irrigation to mitigate future climate
impacts on crop yields for the two primary crops grown in the Midwestern U.S., corn and
soybeans. The results indicate that irrigation could increase average corn yield by about 5%
and average soybean yield up to 20% compared to yields for non-irrigated agriculture
under the same future climate scenarios in the period 2020-2049. Irrigation results in
positive improvements for annual soybean yields by 5.88% to 47.56%, but the
improvement to annual corn yields ranges from -3.62% to 30.36%. Annual variation of
crop yield shows that irrigation is most effective in dry years than in wet years.
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Factor separation analysis is used to evaluate the independent contribution of
irrigation and climate change on crop yield. The analysis found that the effect of
irrigation improves crop yield in for historical and future climate scenarios, and the
improvement is greater for the historical climate. Irrigation improves corn yield in
historical and future climates by 12.26% and 4.69%, respectively and for soybean yield
by 30.21% and 20.22%, respectively. The reason for the lower improvement in the future
climate for crop yield could be that the future climate condition is more stressful for crop
yield.
The relationship between climate uncertainty and crop yield highlights that the
effect of irrigation effectively mitigates the impact of climate change on corn and
soybean yield. Compared to the results in Chapter 3, the correlations between
temperature and precipitation and crop yield weaken, while the correlation between wind
speed and crop yield strengthens. The change of correlation indicates the influence of
temperature and precipitation on crop yield is effectively reduced by effect of irrigation,
while crop yields actually become more sensitive to changes in wind speed and its
complex relationship to evapotranspiration. Statistical testing found that the linear
correlation between precipitation change and soybean yield was significant without
irrigation, but became insignificant with irrigation indicating that irrigation would
mitigate the effects of climate change on soybean yields.. Analysis of corn yields also
found that irrigation mitigated climate change impacts though not to the same degree as
for soybean yields.
The water footprints of corn and soybean yield are assessed for each state to
quantify the change in future agricultural water use for both irrigated and non-irrigated
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futures. The assessment of water footprint between the irrigated scenario and nonirrigated scenario shows that due to effect of irrigation soybean may have low
dependence on precipitation, and rely on irrigation to increase future yield. Corn seems
to struggle more in the future, and without irrigation yields seem to suffer. Water
footprint change for corn and for soybean is lowest in Michigan State, which means crop
yields require less water resources to increase crop yield in irrigated scenario. However,
change of specific blue water footprint shows the area with high average temperature and
lower precipitation projection such as Iowa State may need more irrigation in the future
to increase crop yield.
This work represents a first assessment of irrigation effects on crop yield and a
first approximation of potential changes to water footprints based the output from four
climate models output and three emission scenarios for a future period of 2020-2049 in
the Midwestern U.S.. The results show that irrigation may become a more significant
approach of water resource management in the future as a result of impact of climate
change.
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CHAPTER 5. SUMMARY AND CONCLUSIONS

5.1

Summary

This dissertation addresses three hypotheses in Chapter 2 to Chapter 4. The first
hypothesis is to test that the representation of changing wind speed will play an important
role in simulation of hydrological processes, and the effect of wind speed will directly
affect soil hydrology and evapotranspiration. Chapter 2 addressed hypothesis 1 using a
factor separation analysis to analyze effect of changing wind speed on the hydrological
processes. The protocol of selection (Clarke et al., 2012) is used to choose efficiently
which GCM simulations of future climate are most suitable for this analysis from the full
CMIP5 data archive. Factor separation analysis is used to quantify the effect of changing
wind speed on hydrological processes by quantifying the impact of changes in wind
speed and climate (precipitation and air temperature) on hydrologic metrics. The results
showed that wind effect indeed influenced hydrologic processes, especially on
evapotranspiration. The windier simulations tend to have an increase in future
evapotranspiration, while calmer conditions lead to a decrease in evapotranspiration. We
found that higher wind speed caused nonlinear increases in evapotranspiration, and
reductions in soil moisture, runoff, and baseflow. The higher wind speed still causes
higher evapotranspiration in most study area, while the lower wind speed does not cause
clearly lower evapotranspiration in summer season. The reason could be that the
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interaction among temperature, precipitation, and wind speed on evapotranspiration is
more complex than what our simple factor separation analysis could extract, so we can’t
clearly analyze the effect without isolating each variable. However, the influence of
changing wind speed is much more significant for evapotranspiration than other
hydrological variables. We find that under historical climate and changing wind
conditions, the evapotranspiration percent change ranges from -45 to 20% while it ranges
from -20 to 20% when future climate is used. This result addresses Hypothesis 1 that
effect of wind speed plays a significant role in simulation of hydrological processes,
affecting soil hydrology and evapotranspiration directly.
The second hypothesis is to test that the application of irrigation will be
significantly beneficial for crop productivity in the future as it will mitigate risk
associated with water deficits in the growing season, and regional farmers are expected to
rely more on irrigation to mitigate risk due to increased climate variability in the future.
This hypothesis is addressed in part in both Chapter 3 and Chapter 4. In Chapter 3 the
impact of future climate on crop yield for corn and soybeans is quantified looking only at
a non-irrigated future scenario. Then Chapter 4 introduces irrigated agriculture to future
scenarios to quantify the mitigating effect of irrigation on crop yields and water use.
Future climate projections are generated using bias correction techniques that remove
bias in both mean and variance, with a focus on four GCMs and three emission scenarios
that are picked using the same methods as in Chapter 2. The VIC-CropSyst model is
calibrated for historical crop yields at six sites in the study domain, and also for historical
streamflow in six river basins.
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The results in Chapter 3 show that the predicted change in 30-year average corn
yield is about -0.37 ton/ha, or -8.01% of historical simulated yields. Soybean yields
increase in the future period with an average increase of 0.03 ton/ha, or 2.79%. The 95%
confidence interval shows that the impact of temperature and precipitation is more
substantial on crop yield than wind speed for both corn and soybean. The correlation test
demonstrated strong correlation between crop yield and change of temperature and
precipitation, but weak correlation in change of wind speed. Analysis from Chapter 4
indicate that irrigation reduces the impact of future climate but does not completely
alleviate the decrease of corn yields, which still drop by -0.16 ton/ha, which is equal to 3.69%. Irrigation increases soybean yields even more in the future, resulting in increases
of 0.28 ton/ha, which is equal to 23.58% on average over the 30-year period. The factor
separation analysis shows that application of irrigation improves corn yield by up to 5%
and soybean yield by 20%, compared to the non-irrigated scenario for the 30-year
average and over the entire study area. Pearson Correlation test show that the correlation
between crop yield and temperature and precipitation changes is weakened due to
irrigation, while correlations to changes in wind speed are actually increased. This
analysis addresses Hypothesis 2 and finds that irrigation is significantly beneficial for
crop productivity and mitigates the impact of future changes in temperature and
precipitation, meaning risk associated with water deficits in the growing season can be
decreased using irrigation.
The last hypothesis is to test that the increased use of irrigation on historically
rain-fed crops will affect regional water use significantly, increasing the risk of water
supply deficits in the crop growing season. Water footprint analysis is used to quantify
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the change of water use for crop growth between non-irrigated and irrigated scenarios.
The analysis of water footprint shows that the total water footprint in the irrigated
scenario is higher than the non-irrigated scenario for all six states in the study domain.
Without irrigation, the blue water footprint only represented about 2.3% for corn and 1.6%
for soybean. The introduction of irrigation leads to significant increases in the blue water
footprint to 11% for corn and 16% for soybean. The total water footprint for corn in the
non-irrigated historical period, non-irrigated future period, and irrigation future period is
316.94 m3/ton, 329.86 m3/ton, and 361.21m3/ton, respectively, and for soybean is 879.83
m3/ton, 837.23 m3/ton, 917.41 m3/ton. The change of water footprint suggests that
irrigation on traditional rain-fed crops will affect regional water use significantly.
However, the analysis is unable to address the risk of water supply deficit caused by
irrigation since the algorithm of irrigation in the VIC-CropSyst model does not restrict its
water use. Thus, we cannot assess the risk of water supply deficits due to excessive
irrigation.

5.2

Conclusions

The analysis of changes in wind speed on hydrological processes showed that
higher wind speeds caused higher evapotranspiration, but lower soil moisture, runoff, and
baseflow. Decreased wind speed results in the opposite effect. The factor separation
analysis showed that the effect of wind speed caused significant change on
evapotranspiration in historical cases and future cases. The reason for the difference in
evapotranspiration between historical and future cases could be that the interaction
among temperature, precipitation, and wind speed causes more complicated effect on
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evapotranspiration. The analysis in Chapter 2 found that the effect of changing wind
speed on hydrological process is significant when the change of wind speed is more than
±20%. Therefore, the use of wind speed data in hydrological simulations should not be
considered negligible, especially in areas with significant wind speed change such as
lakeshore and coastal areas.
The impact of climate change on crop yield is assessed using the VIC-CropSyst
model based on irrigated scenario and non-irrigated scenario. In Chapter 3 I evaluate
changes in corn and soybean yield compared to the historical period of 1980-2009, and
analyze the correlation between crop yield and climate variability. The overall trend over
the future 30 year period is of decreasing corn yield and increasing soybean yield when
irrigation is not included. Pearson Correlation analysis found strong correlations between
crop yield and change of temperature and precipitation, but weak correlations with
respect to changes in wind speed. The effect of warming temperature could cause
decreasing yield on crop yields, while the effect on corn yield is more serious than on
soybean. In addition, changing precipitation is also an important influence on crop yield,
while the higher projection of precipitation in the future could improve more yields in
soybean than in corn.
Chapter 4 highlights the effect of irrigation on crop yield compared to the
historical non-irrigated period and also calculates the water footprints of corn and
soybean production for each state to quantify the change in future agricultural water use
for both irrigated and non-irrigated futures. The results indicate that irrigation improved
crop yield significantly, more on soybean yield than on corn yield, and improvement is
greater in dry years than in wet years. The correlation test demonstrates that irrigation
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effectively mitigates the impact of climate change on corn and soybean yield. Compared
to the results in Chapter 3, temperature and precipitation have weaker correlation to crop
yield, while wind speed has stronger correlation to crop yield. The assessment of water
footprint between the irrigated scenario and non-irrigated scenario shows that due to
effect of irrigation soybean may have low dependence on precipitation, and rely on
irrigation to increase future yield. Corn seems to struggle more in the future, and without
irrigation yields suffers more significantly.
Overall conclusions from the work completed in this dissertation is that it will be
useful for farmers to adapt irrigation management to mitigate the impact of climate
change on crop yield in the future period, and that wind speed must not be neglected in
analysis of future climate impacts on hydrology and agriculture.

5.3

Weaknesses and Limitations

There are a few data gaps and model limitations in this research which could
impact the results. The USDA NASS crop yield data were used to calibrate crop
production at the county level for six sites across the study domain. The study domain in
this research is in resolution of 1/8 degree which is larger than county scale. Although the
model did well at representing crop yields at the county level, the variance of predicted
crop yields could be significant in large-scale simulation. Additionally, the calibration
process highlighted a consistent underestimation of soybean yields which could impact
the simulation of such yields in response to changing climate variables. The cropland data
layer used represents the distribution of crop fields only in 2013, and it does not vary as
time changes. If significant changes in the allocation of cropland occur, the model cannot
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capture the impact on crop yields. As well, the model was not setup to simulate the
variation in yield cause by the multitude of hybrids actually planted.
The VIC-CropSyst model is an integration of the VIC hydrology model and the
CropSyst cropping system model. The VIC model is a large scale hydrological model
which lacks representation of deep groundwater. This research only modeled the crop use
of water with an approximately 2 meter deep soil layer below the ground surface, and
does not simulate changes in the groundwater table. Such a feature, however, is important
in the Midwestern U.S. since groundwater is an important source of irrigation.
Incorporation of groundwater modeling in future simulation experiments will help build
understanding of how groundwater withdrawals due to irrigation will impact future water
resources. Also, the irrigation algorithm is unrestricted in its water use, so the model does
not deal with the risk of water resource deficit in the future is withdrawals increase
significantly, it can only quantify the potential use of water to meet crop demand.
CropSyst can simulate multiple management practice such as crop rotation, cultivar
selection, nitrogen fertilization, and tillage operation. However, the version of the VICCropSyst model we used in this research only had simplified version of CropSyst due to
current stage of model development. The simplified version only focuses on water use
and crop productivity. Damage due to pests and plant disease are not simulated in this
research. The lake and wetlands algorithm is not used in this analysis. The neglect of lake
and wetland effect could impact hydrological processes in the areas with high fraction of
lake and wetland such as Minnesota, Wisconsin, and Michigan. For example,
precipitation and evapotranspiration could be understated without simulating effect of
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lake and wetland, so the crop yield could be underestimated as well. In cases of strong
wind speed, the underestimation of evaporation of water bodies could be enhanced.

5.4

Future Work

The VIC-CropSyst model performed well in my crop yield simulation research.
In order to improve upon model limitations, I propose a few potential research directions
for future work. The risk of water supply deficit due to irrigation is still not well
understood. In future model development, a groundwater model should be incorporated
into the VIC-CropSyst model and the irrigation algorithm should be updated to not
exceed available water supplies. With the incorporation of the groundwater model, future
research can be conducted to assess the risk of water supply deficit along with the
estimation of water demand and irrigation water use. Newer versions of the VICCropSyst model are still under development, and should allow for the simulation of crop
yield with more features such as crop rotations, and a wider selection of cultivars in the
future.
Other future work is to assess the effect of irrigation on crop yield with respect of
economics. The research in this study is conducted with a focus on climate variability, the
hydrologic balance, and crop phenology. Changes in agricultural production and demand
for irrigation in the future depend on factors including these, but will also be controlled
by the availability of water and the cost of installation and operation of irrigation systems.
The economic framework should consider demand, supply, and market equilibrium. In
the interaction of these three factors, we could figure out what quantity of water
maximizes profit.
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